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			Abstract

			The collective monograph "Pattern recognition in surveillance systems and diagnostics" deals with recent advances in several related areas that are rapidly developing and need efficient state-of-the-art solutions. Although particular tasks solved by chapters' authors are quite diverse, they are based on modern approaches of digital signal/image processing, artificial intelligence, training, and further verification, ­adaptation, and optimization.

			Quality of lossy compressed images and ways of its providing

			This chapter considers the problem of providing a desired quality of ­images compressed in a lossy manner due to the necessity to radically decrease the amount of registered, transferred, or disseminated data without significant reduction of efficiency in solving object recognition or sensed terrain classification tasks. Visually lossless compression is treated as a possible solution where a quite large compression ratio and appropriate quality of compressed images can be ensured simultaneously. Such an approach can also be useful for medical diagnostic systems.

			Solving pattern recognition problems in shipping monitoring systems based on CNN-models

			The chapter proposes a fundamentally new convolutional neural network (CNN) architecture for vision-based monitoring and classification of inland waterway vessels in river-port environments. A comprehensive review of the fundamental principles of CNN construction is provided. More than 12,000 annotated images of inland waterway vessels have been collected in a dataset employed in experimental evaluation, according to which the proposed CNN model achieved the F1-score of 91.9%. It has outperformed classical methods by 8–12% on average.

			Reengineering of management processes for the restoration of transport and logistics infrastructure through image recognition and BIM-oriented remediation

			This chapter focuses on aspects of the reengineering of infrastructure facilities. The authors expand the range of application of computer vision, analysis of images and UAV imagery, satellites, and neural-network recognition, which is integrated with the BIM model of the facility, forming a "digital twin". This makes it possible to perform more accurate planning of remediation/reconstruction/restoration works (4D/5D), choose the optimal scenario of necessary measures, etc. The study also makes it possible to assess the effect of the implemented complex of works.

			From pattern recognition to remediation management in a closed digital loop for post-war logistics

			The authors study the problem of transition from digital diagnostics to exe­cutable management of remediation processes for territories influenced by emergency events, including military actions. They show that the effectiveness of recovery measures is strictly connected with the quality of logistical coordination and the speed of managerial decision-making. The necessity of transitioning from the fragmented use of digital tools to an integrated management architecture is stated. The architecture of the Closed Digital Diagnostic Loop for Remediation Logistics is determined where the Pattern Recognition block acts as a source of diagnostic events, forming the basis for geospatial integration. 

			Detection of small and camouflaged objects

			This chapter deals with an important practical task of detecting small and camouflaged objects in images acquired from UAVs, drones, and other aerial carriers. Such objects are often masked or obscured by terrain texture or other objects, leading to small objects missing. The authors focus on YOLO-based detectors due to their appropriate detection abilities and high processing speed. An experiment is carried out for an annotated dataset. The obtained results show that the improved approach ensures more stable detection for complex scenes and simultaneously provides significantly reduced training time. Among the considered CNNs, the YOLOv11 model has demonstrated the best results in detecting small targets in complex background conditions.

			Visual pattern recognition in navigation simulator interfaces: a method for ­automatic restoration reconstruction of vessel motion parameters

			In this chapter, the authors tested a simple idea: whether it is possible to obtain the ship's trajectory and navigation parameters from the image of the deck simulator interface. The corresponding image recognition methods have been designed and tested. The simulator display is treated as a reflection of the internal state of the model, where the display indicators show the state of the boat. The analysis allows representing the change in the vessel parameters over time. This also allows investigating ship dynamics and supporting experimental studies. 

			BPMN as a tool for adaptive support of pattern recognition and digital diagnostic results in remediation and post-crisis recovery

			The chapter develops an approach to the use of BPMN as a means for support of pattern recognition and digital diagnostic results with application to remediation and post-crisis recovery. The research is important for practice since it considers the possibility of the construction of managed digital response workflows where the results of automated detection are converted into a set of coordinated actions having the goal to eliminate the crisis consequences. The thorough verification of this approach is possible using a combination of open benchmark datasets employed for the recognition of damage and changes. 

			Keywords

			Image and video data, visual quality, metrics, lossy compression, computational efficiency, convolutional neural networks, pattern recognition, vessel classification, shipping monitoring systems, machine learning, digital twins, transport, logistics, post-war remediation, emergency situations, closed digital diagnostic-manage­rial loop, geographic information systems, small and camouflaged object detection, YOLO, dataset annotation, automated data collection, ship dynamics, crisis impact, practical verification. 

		
			Circle of readers and scope of application

			The collective monograph "Pattern recognition in surveillance systems and diagnostics" deals with a wide scope of topics and is addressed to a broad area of researchers and practitioners in digital signal/image processing, remote sensing, pattern recognition, transport management, decision-making, telecommunications, machine learning, artificial intelligence, automation and robotic systems, etc. It can also be helpful for engineers, programmers, and regional authorities. 

			The research findings presented in this monograph include the following: 

			– approaches to adaptive lossy compression by different techniques that can be applied to images of different origins to produce a desired visual quality or invisibility of introduced distortions with appropriate accuracy to ensure significant reduction of data volume without loss of data value in the sense of classification accuracy, object recognition, and preservation of diagnostically important features; the application areas are remote sensing, medicine, and telecommunications; 

			– modern methods of shipping monitoring and control in complex conditions that are based on convolutional neural networks trained to diminish the negative influence of high variability of vessel shapes, viewing angles, illumination conditions, and significant intra-class differences; this has led to significant improvement of recognition accuracy and diminishing the shipping risks; the application area is shipping monitoring; 

			– original approaches to restoration of transport and logistics infrastructure oriented on eliminating the consequences of military conflicts, disasters, and man-made accidents; the approaches are data-driven in the sense that they jointly exploit ­computer vision, analysis of images acquired from UAVs and satellites, and neu­ral-network recog­nition methods with forming a "digital twin"; the main application area is transport and infrastructure recovery;

			– means for planning remediation actions based on digital diagnos tics and ­intended for management of remediation processes for territories suffering from emer­gency events such as military actions or infrastructure damage; the main application area is reconstruction of Ukraine in the post-war period or similar situations in other countries; 

			– methods and tools for detection and localization of small and camouflaged objects based on CNN training for appropriate datasets with marked objects of interest in conditions close to real life; the advantage of the proposed approach is the ability to perform detection tasks quite quickly with limited power consumption; the application areas are the development of smart cities and mine detection for territories after wars; 

			– methods of intellectual image processing for navigation control based on acquiring image information from the simulator screen and retrieving navigation parameters from such image data; the advantage of these methods is their simplicity and appropriate accuracy simultaneously that allows investigating and controlling ship dynamics; the application area is shipping control and management in ports and other regions of intensive traffic; 

			– tools for adaptive support of pattern recognition and digital diagnostics that presume processing of uncertainty associated with the probabilistic nature of AI outputs using the confidence thresholds, escalation mechanisms, repeated data collection, and feedback; the tools attempt to remove the gap between the digital detection of a problem and the actual implementation of recovery measures and can be applied for post-war recovery. 

			Therefore, the monograph can serve as a source of information about recent trends in pattern recognition and diagnostics and a guide for the development of systems and tools for solving specific practical tasks. 

		
			Introduction

			Modern trends in pattern recognition and applications

			Pattern recognition can be considered from different perspectives: historical, methodological, technological, and application-oriented. Literature sources give different date sequences of milestones in the development of pattern recognition theory. Some of them start from philosophical and psychological sources of the beginning of the 20th century. However, all the sources mark the period of 1930–1950 as forming the mathematical basis and raising the key ideas in cybernetics, facilitating the interest in pattern recognition in its simplest forms. It was understood that animals and humans could solve a lot of tasks due to processing a particular type of information (signals in a wide sense) or several types of information jointly. People started to ask themselves whether it was possible to realize some actions similarly to animals and humans by appropriate processing of analog and, later, digital signals. Due to joint efforts and the fast development of several areas of science, pattern recognition started to become a particular direction that manifested itself by the appearance of famous books of classic texts by Duda and Hart in 1973, Fukunaga in 1972, and some others (many of them were reissued later with the incorporation of new knowledge and achievements). 

			Any pattern recognition system has, first, to register and/or collect data from available sources and then carry out a certain feature extraction and, probably, their representation or preparation; after this, similarity detection is to be performed using a designed classifier. In the process of such a design, performance evaluation is a typical step. At each of these stages, there are numerous factors affecting how well the final pattern recognition goal is reached. Consider an urgent task of UAV or drone detection, localization, and classification. At least, there are four sources that can be potentially employed: vision, sound (acoustic signal), reflections of radar signals, and infrared (thermal) irradiation. Meanwhile, not all sources of information can be available simultaneously, infrared data are much more informative during nighttime, while visual observation is able to give more information during daytime, although in good weather conditions. 

			However, even if potential sources of information for pattern recognition are clear or can be established, the next stage task is to retrieve useful features and represent them properly. For the application mentioned above, this can be a drone image in visual or infrared bands (if resolution is appropriate), the object shape and color, the spectrum of acoustic signal, a radar portrait, or information on the object speed retrieved from radar reflection, etc. Then, the general feature extraction tasks divide into subtasks of finding the best features, selecting their number, ­providing real-time processing if necessary, combining the features of different origins, etc. 

			Similar problems often arise in other applications of pattern recognition. One good example is content-based image retrieval (CBIR) – the research topic that was popular about 30 years ago, the achievements of which were later realized in many modern browsers. At first sight, it is clear that shape, color, and texture features should be exploited. However, first, later it has occurred that image statistics can be useful, and, second, the tasks of finding the best feature representation, choosing their number, and the best aggregation strategy appear. 

			One more aspect is the rapid development of some scientific areas that, for a certain period, become a trend, seeming to be able to solve "earlier unsolvable" tasks. In the 90s of the previous centuries, it seemed that wavelets would throw other orthogonal transforms into the past and neural networks would replace all earlier designed classifiers. However, after one or two decades of accelerated development, the studies often slow down and attention is switched to other directions (methods, tools). At the moment, there are numerous classifiers, including not only neural network-based ones but also support vector machine, decision tree, and statistical classifiers. 

			Depending upon a situation at hand, different classifiers might occur as the best. This depends on a task to be solved, available a priori information, criteria of optimality or metrics used for performance evaluation, learning strategy, etc. A tendency of recent years is to employ convolutional neural networks (CNNs), the main advan­tages of which are the ability to learn better than conventional NNs due to better extraction of features. Numerous publications have appeared showing the applicability of approaches based on deep learning and artificial intelligence to solving various tasks in absolutely different areas (image processing, remote sensing, economics, agriculture, etc.). Some particular cases are studied in this monograph. 

			Three critical problems in deep learning-based data processing for pattern recognition and diagnostics are the following. First, one needs to have a database (dataset) or databases for learning with previously marked objects (classes). These datasets have to be large enough (e.g., contain hundreds or thousands of images with objects having different sizes, orientations, viewing conditions, and so on). This explains why numerous databases have appeared recently and continue to be designed (e.g., for infrared and underwater images). Second, there are many types and modifications of CNNs, and they continue to appear. Then, it is a problem to choose the best CNN for an application at hand or to retrain the already used CNN if conditions of its use have changed. Third, even for the best CNN trained well, it is always possible that the pattern recognition (classification) result is wrong. A question then is, what are the consequences of such wrong recognition, especially taking into account that it is becoming more and more popular to deliver decision making to artificial intelligence?

			Summarizing the aforesaid, it is possible to state the following: 

			1) pattern recognition continues to develop, encapsulating new areas of its application; 

			2) it is possible to expect rapid development of machine learning and AI approaches for at least the next decade; 

			3) pattern recognition and diagnostic approaches become more motivated ­intuitively (based on assumptions and achievements of studies of human brain activity) rather than mathematically; due to this, learning is put into basis, and, thus, the creation of the corresponding databases becomes necessary as well as significant computations; 

			4) there is a caution that any trained CNN is able to produce quite reliable results only for conditions for which it was properly trained, while the outcomes for unexpected situations (conditions) can be wrong with high probability, and this can cause problems.

		
			CHAPTER 1

			Quality of lossy compressed images and ways of its providing

			Volodymyr Lukin, Sergii Kryvenko, Fangfang Li, Sergiy Abramov, Viktoriia Abramova, Bohdan Kovalenko, Igor Dohtiev, Oleksandr Arkhipov, Nenad Stojanović, Boban Bondžulić

			Abstract

			A task of lossy compression of images with providing a desired quality is considered. Image properties and metrics that are able to characterize compressed image quality including visual quality are briefly discussed. It is mentioned that a reasonable compromise between compression ratio and quality has to be provided in practice where a larger compression ratio usually leads to worse quality according to different criteria. Examples of basic dependencies are given and it is shown that the basic characteristics of compression considerably depend on image complexity that can be described by entropy or some other parameters. In addition, the compromise depends on a coder used and a parameter it employs for compression control. Analysis of basic rate-distortion curves is carried out and it is demonstrated that a desired quality according to a given metric is provided for a wide range of values of a parameter that controls compression (PCC) for a given coder. Then, the corresponding PCC has to be provided for a considered coder. Several ways to do this are considered. Drawbacks of setting a fixed PCC are discussed. A two-step approach is described and its basic properties are considered. Advantages and disadvantages of this approach are presented. An approach based on just noticeable difference is described. Its positive features and restrictions are presented. Finally, conclusions are given.

			Keywords

			Lossy compression, images, quality control, rate, distortion curve, accuracy.

			1.1 Introduction

			Lossy compression of images is currently widely employed in different applications including remote sensing [1], medical diagnostics [2], military [3], forestry and agriculture [4, 5], ecological monitoring [6], and so on. On one hand, images of diffe­rent origin are able to provide useful information about sensed terrains, objects, and phenomena where imaging is a convenient way to have pre-requisites to obtain and retrieve such information from acquired data. On the other hand, average size of modern images and their number have an obvious tendency to increasing that makes problematic the image data transfer, storage, and dissemination. This stimulated the need in image compression where lossless compression, although being still used in some applications [7], becomes less popular [8]. The main reason is that lossy compression is able to provide a significantly larger compression ratio (CR) than for lossless compression (up to tens and hundreds [9]), that can be varied. 

			Meanwhile, lossy compression leads to distortions (losses, degradations) that can have different level and properties depending on many factors [9–13]. The main of them are complexity of an image subject to compression [10, 11, 13], a used compression technique and a value of a PCC [9, 13] (e.g., quality factor (QF) serves as PCC in JPEG), noise presence or absence [12], etc. A general tendency is that the introduced losses increase and a compressed image quality diminishes if CR becomes larger (although there are specific exceptions relating to the so-called strange images [14]). Then, a question arises what is an appropriate compromise between CR and image quality [8, 9, 15–17]? An answer to this question depends on a goal a compressed image is used. A compressed image can be a subject for visualization to perceive or analyze it. Then, visual quality is of prime importance and visually lossless compression can be helpful [9, 17, 18]. A compressed image can be also employed for classification or recognition [4, 19, 20]. Then, a task is to prevent significant (inappropriate) degradation of classification and object recognition accuracy due to lossy compression.

			The next question is how this compromise can be attained in practice. An answer to it again depends on a coder used, chosen approach or metric to characterize compressed image quality, noise presence or absence, image complexity, and requirements to accuracy to image quality providing and computational complexity [9–13]. The size of an image to be compressed and a number of channels (components) in this image might have an impact too. Therefore, a plethora of studies has to be carried out or the results under interest have to be retrieved from different papers to answer these questions. Below, let's present some results described in our recent papers as well as consider the outcomes and conclusions from the papers of other authors to give an insight on theoretical and practical solutions available for providing a desired quality of lossy compressed images. 

			1.2 Considered images and their properties

			Images employed in different applications might be acquired by different types of sensors and, thus, their main properties (size, number of components, complex­ity, noisy or not) can vary within wide limits. Images containing millions of pixels can be met in practice of remote sensing, medical diagnostics, and customer digital photos very often. Whilst single- (e.g., medical or synthetic aperture radar) and three-channel (e.g., color) images are, probably, the most common, two-channel (dual-polarization) data and images with about ten (multispectral) and even hundreds (hyperspectral) of components are good candidates for lossy compression, too. In the latter two cases, the image size can be especially large [8, 21, 22]. 

			Concerning image complexity, different approaches to describe it are possible. In particular, image entropy and many other parameters are able to reflect complexity of practically noise-free images [12, 23–26]. For example, Table 1.1 presents four grayscale images of different complexity characterized by entropy E (the smaller, the simpler the image structure) and mean square error (MSE) values for distortions introduced by a better portable graphics (BPG) coder [27] for which Q (an integer-valued parameter from 0 to 51) serves as PCC where a larger Q corresponds to greater distortions and a larger CR. For smaller entropy, a smaller MSE is observed where for both values of Q the introduced distortions are invisible (this happens if distortions are similar to additive white Gaussian noise (AWGN) [11] and its variance is less than 20 for 8-bit grayscale images).

			For noisy images, i.e. images for which noise is visible, the situation with characterizing their complexity is more complicated [23]. Many parameters applicable for characterization of complexity for noise-free images are sensitive to noise. Due to this, only a limited number of parameters able to do this exists. One of them is the percentage of pixels belonging to homogeneous image regions [26]. Meanwhile, noise type and characteristics might influence the estimates of this parameter. Recently, it has been shown that CR obtained for large degrees of image lossy compression might be good indicators of image complexity. To prove this, Fig. 1.1 shows dependencies of CR for compression of five typical test color image contami­nated by AWGN with two values of the noise variance by the aforementioned BPG ­coder (mode 4:4:4) (noise is independent in image components). As seen, compression is practically near-lossless for Q < 29 (Fig. 1.1, a) and Q < 33 (Fig. 1.1, b) due to the influence of the noise for all images. Then, for larger Q, CR starts to grow quickly and for Q ≈ 45 reaches tens and hundreds depending on image complexity irrespectively to noise variance. CR is the largest for the image Frisco (E = 5.8) and is the smallest for highly textural (complex structure) image Baboon (E = 7.36). Thus, it seems that CR for fixed PCC corresponding to large degree of compression might serve as an indicator of complexity of noisy images although this should be checked for different models of the noise that might be present in images subject to lossy compression. It is possible to note that similar effects have been observed in compressing grayscale images [27] (see Fig. 1.2, a, the dependence is presented in loga­rithmic scale) and for the color images using BPG coder (mode 4:2:2, Fig. 1.2, b).
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			Below, let's mainly concentrate on images supposed noise-free. In fact, noise is present in practically all real-life images. However, it is possible to assume an ­image to be noise-free if noise is invisible. Noise invisibility takes place under certain conditions, e.g., is an image fully textural or has relatively large quasi-homogeneous regions. The fact is that texture masks noise, hence the noise can be noticed in quasi-homogeneous regions if it is intensive enough. For pure additive noise, it can be visible in 8-bit images for white noise if its variance exceeds 20–25 and for spatially correlated noise if its variance exceeds 6–10. Thus, it is possible to assume an image noise-free if the noise is less intensive than the aforementioned thresholds. 
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			Fig. 1.1 Dependencies of CR on Q for five noisy color images for noise variance equal to 64 (a) and 196 (b)
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			Fig. 1.2 Dependencies of CR on Q for four grayscale images for noise variance equal to 25 (a) and five color images for noise variance equal to 100 (b) for the BPG coder

			

			Fig. 1.3 gives an example. The test grayscale image Fr03 is corrupted by AWGN with noise variance equal to 25. This noise can be hardly noticed in quasi-homogeneous region in the central part of this image. Meanwhile, the noise is invisible in textural regions, e.g., in the left lower corner of this image, due to the masking effect of texture. This image as well as two images (Fr01 and Fr02) in the central part of Table 1.1 can be treated as typical ­examples of images acquired by sensors installed on-board of unmanned aerial ­vehicles (UAVs) and drones. 
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			Fig. 1.3 An example of noisy image with hardly noticeable additive white Gaussian noise

			

			Note that, with gaining the popularity of using such sensors, there is practically no difference nowadays between images obtained by remote sensing means (i.e., acquired from some airborne carrier) and standard customer cameras (for some landscapes or urban areas from windows or balconies of multi-store buildings). 

			1.3 Considered metrics and their properties

			If to deal with lossy compression, the introduced distortions have to be characterized quantitatively. For many years, MSE and peak signal-to-noise ratio (PSNR), for single-channel 8-bit image it is determined as PSNR = 10 log10 (2552/MSE) have been the most widely used. In fact, they are still widely used, but the tendency for using visual quality metrics becomes more obvious. There are several reasons behind this. First, as mentioned above, (compressed) images are most often subject to visual inspection and analysis [28–31]. Second, the theory of visual quality metrics has greatly advanced [32–34] in recent 30 years starting from the discrete cosine transform (DCT) based metric DCTune [35] and completing with modern neural network based metrics [36] whilst problems of PSNR in reliable assessment of image visual quality have been shown many times. Third, there is correlation between classification accuracy and both traditional (such as PSNR) and visual quality metrics where the latter ones better correlate with classification accuracy for such "heterogeneous" classes as "Urban" or "Vegetation" in opposite to "homogeneous" classes as "Water surface" or "Grass" [37]. 

			The problems of PSNR can be shown for visually lossless compression that can be also treated as determination of just noticeable difference (JND) point No. 1, i.e. minimal distortions that can be noticed by observers. For example, for the most known coder (standard) JPEG, quality factor (QF) is employed as PCC where QF is integer from 1 to 100 and 100 corresponds to perfect quality (practical absence of distortions). According to data in [9], JND No. 1 for different images takes place for PSNR in the limits from 23 dB to 43 dB and for QF in the limits from 31 to 79. This means the following. First, if one sets PSNR = 43 dB or QF = 79 to guarantee that invisibility of distortions is provided, then for a large percentage of images there is a large space to set a smaller PSNR or QF in order to have a larger CR with still invisible distortions. Second, JND No. 1 is very individual and depends on image complexity. 

			According to the visual quality metric PSNR-HVS-M [38] (HVS relates to human vision system and M relates to masking) also expressed in dB, the limits of its variation are narrower – from 37.5 dB to 50.5 dB. Thus, it is more adequate but is still not perfect. The situation is similar for some other visual quality metrics [39].

			It is difficult to say how many visual quality metrics have been proposed so far. Meanwhile, it is clear that their number exceeds 150 and continues to grow each year. There are several reasons for such a large number of visual quality metrics and attempts to design new ones. First, even the best visual quality metrics are not perfect (this especially relates to no-reference metrics). Second, there is a desire to design universal visual quality metrics [40], i.e. such metrics that are adequate enough for a wide set of distortion types (e.g., there are 24 types of distortions in the database TID2013 [41], here TID2013 relates to Tampere International Database created in 2013). This is a hard task since it is difficult to take into account all peculiarities of human vision system (HVS) and its reaction to specific features of various distortions. The attempts to make this on basis of neural networks that either combine a set of features extracted from an image to be compressed [36, 42] or a set of good visual quality metrics [40, 43, 44] lead to the better universality by the expense of more computations (and time) needed for the metric calculation. Meanwhile, the needed computation time (expanses) is often an important characteristic of a visual quality metric determining its use in practice [45].

			While efforts to design better universal metrics continue, a more specific direction of research is to find proper metrics for a particular application such as lossy compression of images in our case. In this sense, the obtained achievements are more obvious. But before starting to consider them, it is necessary to recall how visual quality metrics are compared and analyzed. Usually, image databases with different types of distortions and available assessments (estimates) of image visual quality presented as mean opinion score (MOS) are employed for this purpose. A good visual quality metric should have a high (at least, rank) correlation between its values and MOS for one or several databases containing images with distortions of interest (saying "high", let's mean that Spearman rank order correlation coefficient (SROCC) has to approach either 1 or –1; the former holds for most metrics that have larger values for better quality, the latter relates to some metrics that have smaller values for better quality such as MSE and Mean Deviation Similarity Index (MDSI) [46]). 

			Analysis of references dealing with analysis and comparison of metric properties shows the following. Whilst most metrics have SROCC not exceeding 0.9 for all types of distortions in the database TID2013 [43], there are several metrics that have SROCC exceeding 0.92 for the most important distortion types aggregated in subsets "Noise" and "Actual" that correspond to different types of the noise and denoising and lossy compression applications. Recall that PSNR and widely used structural similarity index measure (SSIM) have SROCC values for these subsets smaller than 0.83 and 0.79, respectively. 

			Moreover, if one considers only distortions dealing with lossy compression, SROCC reaches 0.96–0.97 for such metrics as PSNR-HVS-M [38], MDSI [46], HaarPSI (Haar wavelet-based perceptual similarity index) [47], FSIM (Feature Simi­larity Index) [48], and some others. Let's note that codes for calculation of aforementioned metrics are available for PSNR-HVS-M, and in Python for MDSI, for ­HaarPSI, and for FSIM.

			Furthermore, there is a very high correlation between the best visual quality metrics [49]. For example, SROCC between MDSI and PSNR-HVS-M is larger than 0.96, between MDSI and HaarPSI – larger than 0.97, between MDSI and FSIM – larger than 0.98 (other data can be found in [49]). And this is not surprising since metrics that have high correlation with MOS should have high correlation between each other. Moreover, good metrics can be recalculated to each other [45]. To show this, Fig. 1.4 shows the scatter-plot PSNR-HVS-M vs HaarPSI for images with three types of distortions dealing with lossy compression in TID2013. The following expression is valid

			[image: ],	(1.1)

			where goodness-of-the-fit indicator R2 = 0.977, i.e. is very large.

			This means that, for characterizing visual quality of lossy compressed images, one can use any of aforementioned metrics as well as some other good metrics mentioned in [49]. While choosing them for a particular application or analysis, the following properties can be taken into account: 

			1) experience of working with a given metric including knowledge on approximate positions of JND No. 1 and other JND points; 

			2) linearity of dependencies of a metric on PCC for a given coder and on MOS for a given database;

			3) computational efficiency of metric calculation, etc.

			The importance of these properties will become clear later.
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			Fig. 1.4 The scatter-plot of PSNR-HVS-M vs HaarPSI for images with three types of distortions dealing with lossy compression in TID2013

			

			Summarizing the brief analysis of metrics able to characterize quality of compressed images, it is possible to state the following. There are several visual quality metrics that are, certainly, not perfect but able to describe quality of lossy compressed images very adequately. To avoid arguments that some compression techniques are based on DCT and a used metric is also based on DCT (similarly for coders based on wavelets and metrics employing wavelets), it is possible to recommend using joint analysis of two metrics based on different transforms or principles of their calculation in studying the performance of lossy compression approaches. 

			1.4 Some analyzed coders

			It is impossible to consider all existing methods of lossy compression. Because of this, let's further rely on data obtained for several typical representatives of compression techniques based on orthogonal transforms since just wavelets and DCT serve as the basis of most modern practically used coders employed for lossy compression of images and video. The main advantage of this group of methods is that they are quite efficient in different senses – providing quite high quality and ease of variation of compression parameters (CR and quality). Alongside with JPEG, QF is also applied in AV1 Image File Format (AVIF) and High Efficiency Image File Format (HEIF) coders [50, 51]. Bits per pixel (BPP) serves as PCC for JPEG2000 [52] and Set partitioning in hierarchical trees (SPIHT) [53] coders, quantization step (QS) is used in DCT-based coders AGU [54] and advanced DCT (ADCT) [55] coders, scaling factor (SF) serves as PCC in visual quality oriented versions of AGU and ADCT [13] (AGU-M and ADCT-M where M relates to Modified), parameter Q is applied in the BPG coder [27]. 

			Some aspects of using these PCCs will become clear below. They are quite dif­ferent. JPEG2000 is oriented on easy providing a desired CR, others are more in­tended on providing a desired quality although, as mentioned above, there are problems with establishing a direct dependence between a PCC and compressed image quality. Let's demonstrate this by two examples. Fig. 1.5 shows the values of PSNR-HVS-M for the coder AGU-M for two values of BPP – 0.75 (CR = 10.5) and 1.6 (CR = 5). 
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			Fig. 1.5 PSNR-HVS-M for several grayscale (component) images compressed by AGU-M with providing two values of BPP, 0.75 (blue color) and 1.6 (red color)

			

			The metric is calculated for images of different origin: conventional grayscale test images, component images of conventional test color images, simple and complex structure test images Pole and Grass, respectively, component image of AVIRIS (Airborne Visible/InfraRed Imaging Spectrometer) hyperspectral data. As expected, PSNR-HVS-M for BPP = 1.6 is always larger than for BPP = 0.75. Meanwhile, in both cases, PSNR-HVS-M varies in very wide limits – from 23 dB to 46 dB for BPP = 0.75 and from 30 dB to 53 dB for BPP = 1.6. Keeping in mind that PSNR-HVS-M for JND No. 1 is from 37.5 dB to 50.5 dB, it occurs that for some ­images the distortions are invisible for sure, for some other images it is guaranteed that they are visible whilst for many images (especially for BPP = 1.6) the visibility of distortions is of question. There is also one more observation. The metric values for component images of the same color image (e.g., Barbara) are very close. Let's recall that component images for a given color image are usually highly correlated [56], i.e., similar to each other, and, thus, images of similar complexity are compressed with providing similar quality. It is also seen that if CR increases (BPP decreases) by about 2 times, PSNR-HVS-M diminishes by about 7 dB. 

			One important question that usually arises in lossy compression is what co­der to use? Although there are numerous papers and books showing advantages of newly designed lossy compression techniques, the answer is not simple. A re­ally good coder should outperform its counterparts for different images, different compression ratios, and according to different criteria (metrics). However, this does not hold for any existing coder. Fig. 1.6 presents dependencies of PSNR-HVS-M on CR for several known and modern compression techniques. 
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			Fig. 1.6 PSNR-HVS-M vs CR for different coders applied to grayscale image Baboon

			

			For CR ≈ 4, distortions are invisible for JPEG, ADCT-M, and AGU-M, i.e. coders "adjusted" to peculiarities of HVS by using specific quantization tables for DCT coef­ficients. For CR ≈ 6 and 8, advantages of these coders compared to other ones remain obvious where distortions are, most probably, visible for CR ≈ 8 for JPEG2000, WebP, AGU, ADCT, H.265, and SPIHT. For CR > 12, JPEG starts to be less efficient than AGU-M and ADCT-M but it performs practically at the same level as other coders. The main reasons behind these observations are that Baboon is a highly textural image and some coders (e.g., H.265 or JPEG2000) are more oriented on larger PSNR than better visual quality.

			It might seem that data in Fig. 1.6 are a particular example. However, there are other data showing that modern coders can perform worse than JPEG for a range of practical situations. For example, for visually lossless compression in JND No. 1 neighborhood, the BPG coder provides twice larger CR on the average than JPEG but the situations when CR for the BPG coder is slightly smaller than for JPEG for the same visual quality are also possible for particular images that usually have complex (textural) structure. In this case, the block size 8 × 8 pixels used in JPEG seems to be the optimal or quasi-optimal solution. 

			1.5 Rate/distortion curves and their properties

			Fig. 1.6 presents an example of the so-called rate/distortion curves (RDCs) that are widely used in coder performance analysis and comparisons. In general, coders performance can be compared in different ways. One of them is to fix CR (or BPP) for all analyzed coders and compare the considered metric values. Another approach presumes fixing the quality metric and compare the CR values where then it is supposed that the best is the coder producing the largest CR. However, even the data in Fig. 1.6 show the shortcomings of these approaches. Really, JPEG is among the best for CR = 4 whilst it is among the worst for CR = 24. In fact, the best coder should provide the best metric values for a wide (practically impor­tant) limits of CR variation, for all images, and for many metrics including PSNR and the best visual quality metrics. According to our experience, this never happens. Even if a coder demonstrates very good results for many images, it always happens that an image can be found for which this coder is not the best. For example, animation or drawings images are very specific. In addition, some coders are designed (optimized) to provide high performance according to PSNR, but then such coders can be not the best according to human vision system (HVS) metrics and vice versa. 

			Rate/distortion curves can be also used for analysis of compression characteristics depending on image (or image and noise) characteristics. Let's present and consider some examples. They are given in Fig. 1.7 and 1.8. Dependencies of PSNR and PSNR-based metrics on quantization step for the AGU and ADCT coders are presented in Fig. 1.7 for a set of grayscale test images. 
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			Fig. 1.7 Rate distortion curves for particular test grayscale images: a – PSNR-HVS-M(QS) for the AGU coder; b – PSNR-HVS(QS) for the AGU coder; c – PSNR(QS) for the ADCT coder; d – PSNR-HVS-M(QS) for the ADCT coder

			

			The main observations are the following. First, all dependencies are monotonously decreasing. Second, most of them do not cross each other. In other words, if quality (according to a considered metric) of image1 is better than quality of image2 for QS1, then, most probably, the same holds for other QS. Third, for QS > 20, quality of compressed simple structure images (such as Frisco and MRTprepared) is higher than quality of complex structure images (Baboon, Diego). Thus, again there is the dependence of compression performance on image complexity. Fourth, locally, it can be assumed that individual dependencies are almost parallel to each other. In other words, for a given QS, they have almost the same derivative dMetr/dQS approxi­mately equal to (dMetr/dQS)av obtained for average RDC (such RDCs are given in all four plots) where Metr is a considered metric. Moreover, there are intervals of QS (e.g., from 30 to 60) for which the dependencies are almost linear. These properties latter will be further used for quality providing.
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			Fig. 1.8 Rate distortion curves for particular test images: a – PSNR(Q) for grayscale images compressed by the BPG coder; b – PSNR(Q) for color images compressed by the BPG coder; c – PSNR(BPP) for SPIHT; d – PSNR-HVS-M(BPP) for SPIHT

			

			Analysis of data in Fig. 1.8 shows the following. The RDCs PSNR(Q) for grayscale images behave in a compact way where only for the test image Frisco the RDC slightly differs from others. In addition, the dependencies behave almost linearly for a wide range of Q that is of the main interest (from 10 to 35, i.e. from near-lossless to visu­ally lossless compression). Analysis for color images (Fig. 1.8, b) shows that the difference in PSNR for the same Q can be up to 5 dB but there is almost linear (and almost parallel) behavior of RDCs for a wide range of Q variation.

			On the contrary, RDCs for SPIHT (Fig. 1.8, c, d) have other properties. One reason is that these are dependent on BPP. The best quality according to both PSNR and PSNR-HVS-M is observed for the simple structure images Frisco and MRT prepared where the worst quality takes place for the complex structure image Baboon. The main problems for SPIHT and the corresponding RDCs for it are the following. First, for the same BPP, quality differs a lot. For example, PSNR values for 1 < BPP < 2 differ by almost 20 dB. The same holds for the metric PSNR-HVS-M. Second, the derivatives of the metric on BPP are positive and they differ for particular im­ages more than for previously considered RDCs. Although monotonous, the curves PSNR-HVS-M(BPP) have specific "variations".

			1.6 Ways of providing a desired quality

			First of all, let's explain what can be a desired quality of lossy compressed images. One option is that we would like to provide visually lossless compression. Another option is that, under assumption that a given visual quality metric is able to adequately characterize the image quality, we would like to provide a desired value of a chosen metric. These options might coincide in ways of reaching them but they are not the same. Let's start from the latter option since it can be a part of solving the former task.

			Let's recall that it is possible to expect that a chosen metric is in good agreement with subjective estimates of image quality characterized by MOS. MOS values have different scales for different image databases used for image quality assessment. For example, in TID2013, MOS can be potentially from 0 to 9, but, in fact, the minimal value is about 0.2 and the maximal value is 7.2. In the paper [39], it was proposed to divide 3000 distorted images into four groups: 

			1) images having excellent quality (distortions are invisible or visual quality is considered to be very high); these are images having 200 top rank MOS values;

			2) images having good quality; MOS for them have the ranks from 201 to 1000;

			3) images of middle quality; for them, MOS have ranks from 1001 to 2000;

			4) images of bad quality with the lowest 1000 ranks (from 2001 to 3000).

			Note that ranking is carried out in the order of descending MOS. Quantita­tively, the images of the first group have MOS larger than 6.05. For the second group, MOS is in the limits from 5.25 to 6.05. MOS for the third group images is from 3.94 to 5.25. Finally, for the fourth group images, MOS is less than 3.94. This allows determining the thresholds for visual quality metrics using the corresponding scatter-plots and metric value ranking. An example is presented in Fig. 1.9. Processing of the obtained data shows that the image quality can be considered as excellent or good if HaarPSI exceeds 0.91. Meanwhile, image quality can be treated as bad if HaarPSI is smaller than 0.75. Similar conclusions can be drawn from analysis of data in Fig. 1.10 where the scatter-plot of MOS vs HaarPSI is presented only for three types of distortions in TID2013 dealing with lossy compression. The results given in [45] show that invisibility of distortions is provided if HaarPSI exceeds 0.95 or, equivalently, if PSNR-HVS-M is larger than 41 dB (see data in Fig. 1.4).
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			Fig. 1.9 The scatter-plot of MOS vs HaarPSI for all types of distortions in TID2013

			

			It is possible to suppose now that we have decided to characterize image quality by HaarPSI or PSNR-HVS-M equal to 0.91 and 37.5 dB, respectively. It is also possible to assume that we have succeeded to provide them with very high accuracy. This means that MOS varies from approximately 5.2 to 6.0 (Fig. 1.10) that corresponds to good quality of compressed images (see above). In turn, MOS equal to 5.6 (the middle of the aforementioned interval) corresponds to HaarPSI from about 0.83 to 0.98 (Fig. 1.10). Then, there is no need to provide a desired value of a used metric Metrdes with very high accuracy. For example, if HaarPSIdes is provided with errors smaller than 0.01 or the error of providing PSNR-HVS-Mdes is less than 1 dB, this can be treated as acceptable. Detailed analysis has shown that if a given image is compressed by a given coder with two values of PSNR-HVS-M differing from each other by less than 1 dB, they are mostly treated as having equal qual­ity (and often treated as identical). 
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			Fig. 1.10 The scatter-plots of MOS vs HaarPSI for three types of distortions dealing with lossy compression in TID2013

			

			Let's now consider the methods of providing a desired quality by reaching some Metrdes. It is possible to start from iterative procedures mentioned above [13, 57, 58]. These methods imply image multiple compression/decompression, metric calculation, and changing PCC to approach Metrdes with preset accuracy controlled after each iteration. The method performance depends on several factors. First, the starting point (initial value of a used PCC) plays an important role. A way the PCC is changed is important too. At the beginning, PCC can be changed with some discrete step, e.g., ∆QS for AGU or ADCT coders can be set equal to 2. When approaching to vicinity of Metrdes, it is possible to decrease the step of PCC changing or to apply linear interpolation (extrapolation) between the last two values Metr(k) and Metr(k–1) where k denotes the iteration index. The present accuracy of reaching Metrdes might have influence too. Finally, for PCC having only integer values (such as QF for JPEG or Q for the BPG coder), it can be also so that it is impossible to ensure the desired ­accuracy of reaching Metrdes less than a certain limit. As it follows from data in Fig 1.8, a, b, PSNR decreases by about 1 dB if Q increases by unity for the BPG coder. This means that it is principally impossible to provide PSNRdes with error less than 0.5 dB. Some restrictions on accuracy of providing HaarPSIdes for this coder are also studied in [45]. 

			Thus, the number of iterations is unpredictable in advance and can be large enough. The results in [13, 57, 58] show that the number of iterations can be up to 10. This can cause problems if there are restrictions on compression time and/or if the compression/decompression time for a given coder is larger. For example, this happens for the ADCT coder for which compression takes certain time due to necessity to optimize partition schemes (decompression is faster). The number of iterations can be decreased for particular coders based on a priori knowledge concerning their main properties [13, 58]. In particular, average curves have been presented in [13] (Fig. 1.11) that allow setting the starting QS for AGU and ADCT co­ders (Fig. 1.11, a) and SF for AGU-M and ADCT-M coders (Fig. 1.11, b) to provide PSNR-HVS-Mdes. The data in Fig. 1.11, a are in good agreement with data in Fig. 1.6, a although they have been obtained for different sets of test images. Due to better setting the starting point, it has occurred to decrease the number of iterations by 1.5–3 times [13, 58] with the same accuracy of providing PSNRdes and PSNR-HVS-Mdes. Moreover, sometimes, it is enough to have only one iteration. However, there are still practical situations where the corresponding computation time can be still inappropriate due to necessity to carry out, e.g., four iterations. 
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			Fig. 1.11 Average curves of QS (a) and SF (b) on PSNR-HVS-M for AGU (a), ADCT (a), AGU-M (b), and ADCT-M (b) coders

			

			It might seem that the obtained average curves can be used for setting fixed PCC that corresponds to Metrdes for the average curve. This way of providing Metrdes is very fast but it is not accurate. Let's give a few examples to prove this. Suppose that one needs to provide PSNRdes = 35 dB for the ADCT coder (see Fig. 1.7, c). Then, one has to set QS ≈ 29. However, depending on an image to be compressed, the provided PSNR values are within the interval 30–38.5 dB, i.e. the errors obviously exceed 1 dB. The situation is slightly better for providing PSNR-HVS-Mdes for the AGU (Fig. 1.7, a) or ADCT (Fig. 1.7, d) coders. Suppose PSNR-HVS-Mdes equals to 35 or 40 dB. In this case, errors are less than 2 dB but, anyway, larger than 1 dB. Similar results have been obtained for 512 × 512 pixel fragments of medical images [59]. 

			The situation is even worse for SPIHT and JPEG2000 (Fig. 1.8). Suppose PSNRdes = 35 dB. Then, one has to set BPP = 0.8 (Fig. 1.8, a). But then the pro­vided PSNR is from 28 dB to 47 dB, i.e. errors are very large. As it follows from [45], HaarPSIdes cannot be provided by the BPG coder with appropriate accuracy using fixed Q as well. Certainly, we have not checked all coders and all metrics but it seems that it is difficult to reach our goal using fixed PCC. 

			Then, some trade-off is needed. This can be a two-step approach described in detail in the thesis of L. Fangfang [60] and the basic papers [15, 16, 61–64]. The idea is the following. Let's obtain RDCs of interest in advance for a set of test images with various properties and get the average RDC for them with estimation of derivative values for different fragments of this curve. Then, for a given image to be compressed by a given coder with providing a given Metrdes, let's determine PCC1 (a starting PCC) that corresponds to Metrdes for the average curve. Then, carry out compression and decompression for the considered image using PCC1 and estimate Metr1 for the decompressed image. If Metr1 does not differ from Metrdes essentially (i.e. |Metr1–Metrdes| < δM where δM is the allowed error), then stop and keep the compressed image as the desired result. If no, calculate PCC2 as

			[image: ],	(1.2)

			where rounding-off should be applied if PCC can be only integer. 

			As seen, linear approximation of the RDCs based on the average curve is applied within this approach. This explains both its advantages and shortcomings. The advantages are twofold. First, the method usually provides about one order less errors (vari­ance) of providing Metrdes after the second step than after the first step where improvement is provided almost for all images and in the wide range of Metrdes [16, 60, 63]. Second, the procedure of compression with providing a given Metrdes usually takes considerably less time than iterative procedures described above since only two compressions and one decompression are needed (and sometimes the second compression is not needed at all). The two-step procedure occurs to be efficient for RDCs presented in Fig. 1.8, b.

			The main shortcomings are considered in [65]. First, it might be so that the mean of Metr2 is biased and then one has to take into account not only variance of the provided metric values but the bias as well. This happens if the absolute value of the second derivative of the average curve in PCC1 is large enough. Till the moment, no attempts to take into account the second derivative have been undertaken. Second, due to the nonlinearity of the average curve, it might be so that the determined PCC2 occurs to be negative. This is in contradiction with assumptions concerning the range of PCC (for all types of PCC, it can be only positive). 

			Let's consider such "bad" situations. Suppose that one has to provide PSNRdes = 30 dB for the AGU coder. Then, QS1 is set equal to 60.15. There are test images (Goldhill, Barbara) for which PSNRdes is provided with appropriate accuracy, i.e. with the errors less than 1 dB) even for QS1 although the second step provides practically perfect result. Meanwhile, there are images (e.g., Baboon, Frisco, and Diego) for which PSNR1 differs from PSNRdes significantly. After the second step, the situation does not radically improve since the errors are still about 3–5 dB for such textural images as Diego and Baboon. The reason for this is large difference QS1QS2, i.e. QS1 and QS2 differ a lot and linear approximation of the particular and average RDCs is not valid anymore. Finally, there are images (Lenna, Aerial) for which the second step improves accuracy (decreases the errors) of PSNRdes providing. Due to such images as Diego and Baboon, variance after the second step does not decrease significantly compared to variance after the first step (Table 1.2).

			

				
					
							
							Table 1.2 Statistics and parameters of providing PSNRdes = 30 dB for a set of test images

						
					

					
							
							Test image

						
							
							QS1

						
							
							PSNR1

						
							
							ΔQS

						
							
							QS2

						
							
							PSNRprov

						
					

					
							
							Goldhill

						
							
							60.15

						
							
							30.34

						
							
							4.24

						
							
							64.39

						
							
							29.98

						
					

					
							
							Baboon

						
							
							60.15

						
							
							26.72

						
							
							–40.2

						
							
							19.87

						
							
							33.97

						
					

					
							
							Barbara

						
							
							60.15

						
							
							30.88

						
							
							10.87

						
							
							71.01

						
							
							29.95

						
					

					
							
							Lenna

						
							
							60.15

						
							
							32.62

						
							
							32.35

						
							
							92.50

						
							
							30.72

						
					

					
							
							Aerial

						
							
							60,15

						
							
							28.34

						
							
							–20.4

						
							
							39.68

						
							
							30.69

						
					

					
							
							Airfield

						
							
							60.15

						
							
							27.05

						
							
							–36.3

						
							
							23.80

						
							
							32.52

						
					

					
							
							Frisco

						
							
							60.15

						
							
							34.68

						
							
							57.62

						
							
							117.7

						
							
							31.16

						
					

					
							
							Diego

						
							
							60.15

						
							
							26.44

						
							
							–43.83

						
							
							16.31

						
							
							35.21

						
					

					
							
							Mrt_prepared

						
							
							60.15

						
							
							32.89

						
							
							35.66

						
							
							95.81

						
							
							24.51

						
					

					
							
							Variance

						
							
							9.12

						
							
							9.05

						
					

				
			


			Then, special restrictions can be imposed [66]. For example, PCC2 is set equal to PCC1/2 if the calculated PCC2 is less than PCC1/2. This does not allow PCC2 to be negative (since PCC1 is always positive) and, in fact, restricts the area where linear approximation is considered appropriate. Third, there are cases (RDCs for particular images) where dependences Metr(PCC) and dMetr(PCC1)/dPCC for a given image to be compressed differs from the average curve and derivative a lot (see Fig. 1.8, c, d). Then, although the two-step procedure improves the accuracy considerably, this accuracy is still inappropriate [67]. A way out is proposed in [61] where it is taken into account that the DCT-based coder AGU provides almost the same compression characteristics as SPIHT and CR for the AGU coder can be easily predicted. One more solution to improve accuracy of providing Metrdes has been proposed in [62, 64]. It has been taken into account that RDCs usually depend on image complexity. Then, it is possible to obtain average curves for simple and complex structure images in advance. For a given image to be compressed, its complexity is determined first, and after this, based on such a pre-classification, the corresponding average RDC is used within the two-step procedure to determine PCC2.

			Although the trade-off had been found, the desire was still to design an approach to adaptive compression without decompression and the second step of compression. Because of this, in parallel with the design of the two-step approach, the approaches based on prediction have been studied [10, 68–70]. The idea put behind the approach proposed in [68] is that, for JPEG with uniform quantization, MSE of distortions introduced due to quantizing DCT coefficients in blocks is equal to MSE of distortions observed in the corresponding decompressed image blocks, i.e., in spatial domain. Then, it is possible to calculate aggregate MSEDCT in the DCT domain for a given QS and estimate (predict) MSEspat of distortions after decompression (due to compression). MSE in DCT domain with averaging the local estimates for all blocks can be expressed as

			[image: ],	(1.3)

			where Di is the value of the i-th DCT coefficient in a processed n-th block, N denotes the number of analyzed blocks, 63 AC (alternating current) DCT coefficients are ­analyzed, round denotes rounding-off to the nearest integer. The value MSEspat has been shown to be approximately equal to MSEDCT. In addition, it has been demonstrated that there is no need to take all possible 8 × 8 pixel blocks to calculate MSEDCT. It was enough to have 500 blocks. Since DCT in 8 × 8 pixel blocks is a fast operation, prediction for a given QS is very fast. Moreover, it has been shown [68], that, using correcting factors with values close to unity, it is possible to predict MSE for given QS for the AGU and ADCT coders. The prediction accuracy was shown to be better than for the procedure in [71]. 

			The paper [69] shows that the same prediction can be carried out for non-uniform quantization often used in JPEG and employed in the AGU-M and ADCT-M coders. For the latter two coders that, in fact, use 32 × 32 pixel and adaptive block size, respectively, the prediction based on 8 × 8 pixel blocks is shown possible with correction factors of about 0.9 and relative error less than 10 %, i.e. smaller than 0.4 dB which is appropriate for practice. The prediction approach is tested in [69] for a wide set of images of different origin.

			The paper [70] proposes another approach to prediction. It is shown [10, 12, 70] that for small QS for DCT-based coders the MSE of introduced distortions is often proportional to QS2 and approximately equal to QS2/12. For larger QS, the dependence becomes less fast than ~QS2 and depends on image complexity. Then, it is proposed to predict MSE as

			[image: ],	(1.4)

			where [image: ] is some function of one or several parameters describing image com­plexity. As one option, the use of probability P0 that DCT coefficients in 8 × 8 pixel blocks occur to be zero after quantization using a given QS is considered. This probability is small for small QS and it increases if QS becomes larger. Note that for P0 < 0.6 the function [image: ] slowly decreases but it is almost equal to unity. Decreasing speed increases if P0 exceeds 0.6. The approximations are given in [70] and for P0 ≈ 0.9 one has [image: ], but the accuracy is not good enough.

			Let's note that the approach [70] is based on obtaining the scatter-plot for a set of test images compressed with different QS. Slightly other approaches are studied in [12, 72]. In [72], it is shown that there is an essential dependence between image entropy E (that deals with image complexity of noise-free images) and MSE of introduced distortions for the BPG coder applied to grayscale images. One example from the paper [72] is presented in Fig. 1.12 where MSE values are given for 21 test images compressed with Q = 25. The obtained results show the following: can vary from about 4 to 8 where for most images E exceeds 7.0 and the MSE values about 6 are observed for them. Meanwhile, there are also quite many images having smaller entropy and MSE values for them are considerably smaller (except the test image Goldhill). This example, as well as other examples given in [72], show that there is a considerable correlation between MSE and E. Further studies [74] have shown that MSE has a certain degree of correlation with other parameters characterizing complexity and the joint use of such parameters can improve prediction where PCC and a few parameters characterizing complexity are jointly used as inputs of a very simple trained neural network. 

			

			[image: ]

			Fig. 1.12 Scatter-plot of MSE vs E for grayscale images compressed by the BPG coder

			

			The data in [72, 73] partially explain why MSE of introduced distortions is usually larger for more complex structure images. A detailed local analysis of distortion statistics is carried out and it is shown that distortions are larger in image regions (blocks) having higher activity characterized by local variance. Then, if an image has more blocks identified as locally active, integral MSE should be larger. To illustrate this phenomenon, Fig. 1.13 presents two maps for the test image Frisco (Table 1.1, the rightmost image): the map of local activity (Fig. 1.13, a, more active blocks are shown by lighter color) and the map of local MSEs of distortions (Fig. 1.13, b, larger MSEs are indi­cated by brighter color). As seen, there is a high "correlation" between these two maps.

			

			[image: ]

			Fig. 1.13 The local activity map (a) and the map of local MSEs of distortions due to lossy compression (b) 

			

			Currently, the accuracy of MSE prediction by the methods described above is at the same order as for the two-step methods. The task dealing with MSE prediction is that the prediction does not directly solve the problem of providing MSEdes. Then, one has to start from some PCCstart and predict MSEstart for it. If this MSEstart differs from MSEdes considerably (more than allowed), PCC has to be changed accordingly (one way to do this is described in [72]). Then, the processing becomes two-step but, recall, there is no need to compress and decompress the image at the first step. Thus, the compression with providing MSEdes can be faster than for two-step method described above if prediction requires less time expenses than compression and decompression. This is (could be) the main advantage of the approaches based on prediction. However, there are also several drawbacks. First, currently, the prediction approach has been mainly oriented on determining MSE or, equivalently, PSNR. Then, it is needed to check whether or not this approach allows predicting visual quality metrics. Second, the trade-off between complexity and accuracy of prediction has to be found for coders under interest. Third, fast and accurate algorithms of setting PCC for final compression have to be designed and tested.

			Finally, let's consider the case of visually lossless compression based on JND No. 1 [9, 75]. This approach presumes that, depending on an image property indicator, a metric or PCC value (MetrJND or PCCJND) that corresponds to JND No. 1 is determined and, then, this value is provided. The approach is based on preliminary analysis for special databases (such as KonJND-1k [76] and some others) that contain many images for which JND No. 1 points have been estimated for a considered coder by experiment participants. 

			Some results of experiments for JPEG are demonstrated in Fig. 1.14 taken from [9]. JND No. 1 point for each RDC is illustrated by ×. The following conclusions can be drawn: 

			1) JND No. 1 points are observed for a wide range of QF and PSNR values (Fig. 1.14, a), for a narrower range of PSNR-HVS-M values (Fig. 1.14, b), and a wide range of bpp values (Fig. 1.14, c); there are some (rarely met) images for which even the use of QF ≈ 80 does not guarantee invisibility of distortions whilst for some images the distortions are invisible for QF ≈ 30; 

			2) there are some curves PSNR(QF) and PSNR-HVS-M(QF) that are not monotonous corresponding to the so-called strange images [14] for which many methods of providing Metrdes might have problems. 

			Let's give a few examples of strange images and RDCs for them. Fig. 1.15 presents natural scene color image (Fig. 1.15, a) and RDC PSNR vs QF for JPEG (Fig. 1.15, b). As seen, the image has a large quasi-homogeneous dark region and the curve has jumps with the amplitude reaching 1 dB. An example of remote sensing image is given in Fig. 1.16, a and RDCs PSNR vs QS for color and intensity components compressed by the AGU coder are presented in Fig. 1.16, b. Obviously, all four curves have "fluctuations" and are not monotonous. 

			

			[image: ]

			Fig. 1.14 RDCs PSNR (a), PSNR-HVS-M (b), and bpp (c) on QF, along with JND No. 1 points, for a subset of scene color images taken from the KonJND-1k database and compressed by JPEG

			

			

			[image: ]

			Fig. 1.15 Natural scene color image (a) and RDC PSNR vs QF for JPEG (b)

			

			

			[image: ]

			Fig. 1.16 Remote sensing image (a) and the RDCs PSNR vs QS for AGU (b)

			

			Fig. 1.17 shows two other color images that occur to be strange if the dependence PSNR(QF) for JPEG is considered. Joint analysis of images in Fig. 1.15, a, Fig. 1.16, a, and Fig. 1.17 shows that images can be strange if they contain large dark, or white (e.g., overexposed images) or other color regions. This assumption has been checked for artificial color image presented in Fig. 1.18, a compressed by JPEG and the assumption has been confirmed (see RDC of PSNR vs QF in Fig. 1.18, b). 

			

			[image: ]

			Fig. 1.17 Examples of two strange images: example 1 (a) and example 2 (b)

			

			

			[image: ]

			Fig. 1.18 Artificial color test image with large homogeneous regions (a) and RDC PSNR vs QF for JPEG (b)

			

			It might seem that strange images take place only according to PSNR and mainly for JPEG. However, this is not true. Fig. 1.19 shows dependencies of PSNR and MDSI metrics on QF for intensity component of the color image beach16 represented in Fig. 1.16, a. As seen, beach16 is the strange image not only according to PSNR but also according to the visual quality metric MDSI. Note that the largest "fluctuations" of MDSI take place in the same interval of QF as for PSNR – for QF about 10.

			

			[image: ]

			Fig. 1.19 Dependencies PSNR (a) and MDSI metric (b) on QF for intensity component of the color image beach16

			

			The images strange for JPEG often occur to be strange for the coder AGU. This is not surprising since both use DCT in blocks as the basis for lossy compression. 

			In addition, not only color images can be strange – grayscale images can be strange as well especially those ones having large homogeneous backgrounds, e.g., images of text documents or advertising materials.

			The cases and reasons for strange images are discussed in [14, 77]. Currently, we deal with detection of strange images before compression.

			Let's come back to considering JND No. 1. It is shown in [9] that there are many image property (complexity) indicators that are correlated with parameters of JND No. 1. Mean spatial frequency SFmean that can be quite easily calculated has the largest correlation [75]. This can be seen by analysis of scatter-plots in Fig. 1.20. Such scatter-plots have allowed to provide the following rules for determining PSNR for JPEG and BPG, respectively: 

			[image: ]	(1.5)

			[image: ]	(1.6)

			More details can be found in [14, 75, 78, 79]. Thus, either the metric value or PCC that correspond to JND No. 1 can be determined and the next step is to provide it. As shown above, this task can be solved by the two-step or prediction approaches.

			

			[image: ]

			Fig. 1.20 Scatter-plots of PSNR (a) and bpp (b) vs SFmean for the first JND points determined using KonJND-1k image subsets for JPEG and BPG coders

			

			The JND No. 1 position represents the boundary between visually lossless and visually lossy compression. Therefore, these positions can be used in the assessment and analysis of image quality [80]. Thus, Fig. 1.21 illustrates how PSNRs that correspond to JND No. 1 can be used to detect high quality im­ages (PSNR > PSNRJND No. 1). In the quality analysis, well-known publicly available image datasets from the visible (LIVE and VCL@FER) and the infrared part of the electromagnetic spectrum (long wave infrared – LWIR [80]) are used. Using PSNRJND No. 1, JPEG compressed images of excellent quality are detected in LIVE (see lower difference MOS (DMOS) values, Fig. 1.21, a) and LWIR datasets (higher MOS values, Fig. 1.21, c), while for the VCL@FER database there are several exceptions with good quality images (Fig. 1.21, b).

			The results in [79] demonstrate that the influence of compression at the JND No. 1 does not significantly affect the target detection by humans. This allows compressing images in adaptive way instead of using fixed QF for JPEG with saving memory effectively. Meanwhile, accuracy of approaches based on JND No. 1 needs additional study. 

			

			[image: ]

			Fig. 1.21 Scatter plots of PSNR and subjective quality scores for JPEG images from three datasets (a) LIVE (175 images), (b) VCL@FER (138 images) and (c) LWIR (100 images)

			

			We would like to discuss some limitations of the considered approaches. First, if one wants to apply the two-step approach for a new metric and/or a new coder, the corresponding average RDC and its derivative have to be obtained. This is not a difficult work and it has to be done once. Some other drawbacks and limitations of the two-step approach are considered in [65]. 

			Second, the method of MSE and MSEHVSM prediction [68–70, 72] has been tested for several DCT-based compression techniques. However, it is not clear can it be adapted to wavelet-based coders. Besides, it is not clear can the approach be applied to prediction of other metrics. The approach to MSE prediction based on indicators of image complexity [12] is at the beginning of its design and it has been tested only for the BPG encoder. It is possible to expect that the approach should be useful for other compression techniques, but to be general, it has to be modified and verified for other coders. 

			Finally, the approach based on JND [9, 80] presumes the use of several data­bases of distorted images and the results of their quality assessment by a great number of experiment participants. Such experiments are labor and time consuming and have to be carried out for each compression technique under interest. However, such experiments can be done once and then the obtained results can be used for several purposes.

			1.7 Conclusions and future research directions

			Summarizing the presented materials, it is possible to conclude the following: 

			1. There are quite many metrics of visual quality that are able to quite adequately perform for lossy compression of images.

			2. In general, there are several ways to provide a desired quality according to the chosen metric; advantages and drawbacks of these ways have been discussed above from the viewpoints of accuracy and time needed for their realization.

			3. Some of these ways can be further advanced; this relates to the two-step methods, algorithms based on prediction, and methods relating to JND No. 1.

			4. More research should be done for prediction of visual quality metrics, especially for color and multichannel images.

			5. Strange images have to be considered more in detail; reliable and fast detection of potential strange images before lossy compression is a task to be solved.

			6. Approaches to image quality providing for modern coders such as HEIF and AVIF has to be studied; to the best of our knowledge, the corresponding research has not been carried out yet.

			7. Applicability of the considered approaches to providing the quality of infrared images has to be studied as well.

			8. It is also worth continuing studies of lossy compression impact on classification and recognition of images and remote sensing data.
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			Solving pattern recognition problems in shipping monitoring systems based on CNN-models
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			Abstract

			The chapter examines modern approaches to solving pattern recognition problems in shipping monitoring systems using convolutional neural network (CNN) models. Traditional rule-based and classical classification methods remain ineffective for complex visual tasks in inland and maritime transport due to high variability of vessel shapes, viewing angles, illumination conditions, and significant intraclass differences. Deep learning architectures – particularly CNNs – are shown to provide robust and scalable solutions by automatically extracting hierarchical features and forming stable, noise-resistant image representations.

			The chapter provides a comprehensive review of the fundamental principles of CNN construction, including convolutional layers, feature maps, activation functions, pooling operations, regularization techniques, batch normalization, and optimization strategies. Special attention is devoted to the mechanisms of training neural networks: gradient-based optimization, stochastic gradient descent, hyperparameter tuning, prevention of overfitting, and the use of computational graphs for backpropagation.

			Experimental evaluation was conducted using a dataset comprising more than 12,000 annotated images of inland waterway vessels, including tugboats, barges, passenger ships, and dry cargo vessels, captured in real river-port conditions under varying illumination, viewpoints, partial occlusions, and noise. The proposed CNN model achieved an overall classification accuracy of 93.4%, with precision of 92.1%, recall of 91.7%, and an F1-score of 91.9%. Comparative analysis demonstrates that the proposed approach outperforms classical methods such as k-nearest neighbors, linear classifiers, and feature-based support vector machines by 8–12% on average.

			The practical importance of CNN-based methods for real-time monitoring of river port water areas in Ukraine is emphasized. The proposed models enable ­automated classification and recognition of surface vessels, enhancing the effi­ciency, accuracy, and adaptability of intelligent surveillance systems. The results contribute to the development of advanced decision-support tools in maritime transport, improving safety, environmental monitoring, and operational management of shipping flows.
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			2.1 Introduction

			The novelty of this work lies not in proposing a fundamentally new convolutional neural network architecture, but in the targeted adaptation and systematic validation of CNN-based approaches for an underexplored application scenario – vision-based monitoring and classification of inland waterway vessels in river-port environments.

			Unlike most existing studies that focus on open-sea maritime surveillance, satellite or SAR imagery, or multimodal fusion of AIS and visual data, this chapter addresses vessel type classification based solely on visible-spectrum images acquired from shore-based cameras operating under real port conditions.

			The key novel aspects of the proposed approach include:

			– its application to inland river ports characterized by limited camera elevation, variable viewpoints, dense object layouts, and complex backgrounds; 

			– its focus on vessel type classification rather than generic ship detection; 

			– a quantitative comparison with classical classifiers under identical inland waterway conditions; 

			– its practical orientation toward real-time port monitoring systems without reliance on AIS data.

			A critical analysis of prior studies shows that while existing deep learning-based approaches demonstrate high performance in maritime and satellite scenarios, their direct applicability to inland waterways is limited due to differences in scene ­geometry, data availability, and operational constraints. The proposed approach addresses these limitations, thereby extending the state of the art to a new and practically significant domain.

			Within this chapter, the study is focused on the problem of visual classification of inland waterway vessels in port water areas based on images acquired from shore-based video surveillance systems operating in the visible spectrum. The primary attention is given to distinguishing the main types of river transport vessels, including tugboats, barges, passenger ships, and dry cargo vessels, under real operating conditions of port infrastructure. The study is deliberately limited to the analysis of two-dimensional static images without the use of temporal information and without incorporating auxiliary data sources such as automatic identification system (AIS) messages, radar measurements, or satellite imagery. This approach corresponds to the typical operating conditions of local port monitoring systems, where visual information from shore-based cameras is the primary available data source.

			The chosen methodological approach is based on the use of convolutional neural networks, which is motivated by the limited effectiveness of classical computer vision methods in vessel recognition tasks under conditions of high intra-class variability, complex background environments, varying illumination, and constrained viewing angles. In contrast to approaches relying on handcrafted features and heuristic rules, convolutional neural networks enable automatic extraction of hierarchical visual feature representations that are robust to these factors. The focus on vessel type classification, rather than detection or tracking, is determined by the practical requirements of port monitoring systems, where the presence of an object has already been established and the key task is rapid identification to support operational decision-making. At the same time, it should be noted that the obtained results may require further adaptation when applied to other regions or in scenarios involving video streams or multimodal data sources.

			2.2 Solving problems of classification of visual information

			Computer vision (CV) is the analysis of visual data. The volume of this data in the world is constantly growing. About 80% of all Internet traffic is video – and this is without taking into account images and other types of visual information. Therefore, it is important to develop algorithms that can understand and process this data.

			Visual information is sometimes compared to dark matter by analogy with ­physics. Dark matter makes up a very large fraction of the mass of the Universe, but it is not directly possible to observe it. Visual data is about the same: it contains a lot of bits flying around the Internet. But it is very difficult for CV algorithms to understand what they actually consist of.

			Visual perception affects many fields of science and technology: in physics it is important to understand the process of image formation, in biology and psychology scientists' study how people and animals perceive and process visual information. In robotics and automotive engineering, images help with orientation in the territory. To create systems that implement visual perception algorithms, knowledge in the fields of computer science, mathematics and design is required.

			The main task that CV focuses on is image classification. That is, the algorithm must assign an image to one of the previously known categories. This problem is being solved both in research circles and in industry [1].

			The engine of progress in solving this problem was the recently invented convolutional neural networks (CNNs). The real breakthrough came in 2012, when G. Hinton and his graduate students A. Kryzhevsky and I. Sutzkever created a ­seven-layer ANN AlexNet. It performed very well in the ImageNet competition. Since then, there has been a trend towards creating ever deeper networks. In 2014, the multilayer GoogLeNet and VGG appeared. At the same time, a paper was published by researchers from Microsoft Research Asia, who created a residual neural network (RN) with 152 layers.

			The main breakthrough in the development of neural architectures occurred only a few years ago. This is primarily due to the emergence and rapid growth in the performance of graphics processors GPU [2]. These processors allow processing huge amounts of data in parallel, which makes them an ideal tool for large-scale computing and training RN. In addition, the amount of data available for training has increased significantly.

			The CV opens up a lot of potential tasks, the main one of which is to teach a machine to see the world like a human. This goal is still unattainable, as it gives rise to a lot of related problems: for example, recognizing human activity from video, accurate 3D reconstruction of objects, semantic image segmentation, and many others. But as it is constantly moved forward and invent such amazing things as augmented and virtual reality, let's probably come up with new, interesting solutions [1].

			The current state of research in vessel recognition for maritime and inland waterway monitoring is characterized by a rapid transition from traditional computer vision algorithms to deep learning-based approaches. Several recent surveys confirm that convolutional neural networks and their derivatives have become the de facto standard for ship detection and classification in satellite imagery, aerial data, and video streams. M. J. Er and Y. Zhang, for example, provide a comprehensive review of deep learning-based ship detection techniques, ranging from early CNN models to modern one-stage detectors such as the YOLO and SSD families, and consistently demonstrate that deep architectures outperform classical methods in terms of accuracy and robustness to noise and background clutter [3].

			Further progress has been driven by dedicated models for ship detection and tracking in video. B. Zhang et al. presents an extended survey of deep-learning methods for automatic ship detection and tracking, highlighting four significant challenges: environmental variability, multi-scale targets, occlusions, and the need for lightweight models capable of real-time performance [4]. For synthetic aperture radar (SAR) imagery, several surveys emphasize the specific difficulties related to speckle noise, background complexity, and limited spatial resolution, and point to an increasing adoption of advanced deep models, including transformer-based architectures [5].

			In parallel, a new class of CNN-Transformer hybrid models have emerged. D. Liu [6] introduces transformer-oriented detectors (e.g. TS2Anet and DETR-like frameworks) tailored to ship detection in complex maritime environments, such as congested ports and high-clutter coastal regions [6]. More recently, Y. Wang and X. Li proposed Ship-DETR, a transformer-based detector designed for efficient ship detection in challenging maritime scenes, demonstrating the advantages of attention mechanisms in handling irregular spatial structures and densely populated scenes [7].

			Another important line of work focuses on multimodal fusion, which combines visual data (such as RGB or SAR imagery) with Automatic Identification System (AIS) messages and other sensor sources. Studies by A. Galdelli et al. demonstrate that integrating heterogeneous data streams can significantly enhance the reliability of ship detection and classification, notably when individual channels are partially missing or severely degraded [8]. However, most of these approaches are tailored explicitly to open-sea scenarios and satellite or airborne platforms, where the observation scale and typical traffic patterns differ substantially from those in inland waterways and river ports.

			In contrast to the majority of existing research that focuses on maritime domains, a more petite but growing body of work addresses inland waterways. M. Salem et al. proposes a CNN-based method for classifying vessel types on inland waterways. Yet, their experiments rely on relatively standardized imagery and do not fully reflect the complexity of port environments [9]. Studies by G. Agorku emphasize the significance of deep learning for barge load estimation, autonomous vessel control, and performance assessment of inland waterway freight corridors, primarily in the context of AIS-based trajectory analysis rather than vision-based recognition [10].

			Within this landscape, the approach presented in this chapter focuses specifically on vision-based classification of inland waterway vessels in real river-port conditions in Ukraine, using images captured by shore-based cameras operating in the visible spectrum. Unlike most prior work, which targets satellite surveillance or generic maritime scenes, the proposed CNN model is explicitly optimized for:

			– varying viewpoints typical of shore-side infrastructure;

			– complex and cluttered backgrounds (piers, port facilities, other vessels);

			– limited sensor height and constrained fields of view;

			– the characteristic mix of inland and mixed navigation vessel types.

			Consequently, this chapter advances the state of the art in two key directions:

			1. It demonstrates the practical applicability of CNN-based classification to ­river-port monitoring on inland waterways, a scenario that remains relatively underexplored in literature.

			2. It provides a quantitative evaluation on a real dataset collected from Ukrainian river ports, enabling a direct comparison between CNN-based methods and classical classifiers discussed earlier in the chapter.

			The experimental study described in this chapter is based on a combination of publicly available datasets and a proprietary image collection obtained under real river-port operating conditions. For preliminary testing and architectural validation, well-known open benchmark datasets for image classification were used, including CIFAR-10, which provides standardized RGB images and is commonly applied for verifying the learning capability of convolutional neural networks. The use of such benchmark datasets ensures methodological consistency with prior studies and enables reproducibility of baseline experiments.

			The primary dataset for vessel classification was formed from images acquired by shore-based video surveillance cameras installed in river-port areas. This dataset includes visual samples of inland waterway vessels such as tugboats, barges, passenger ships, and dry cargo vessels captured under varying illumination conditions, viewing angles, background clutter, and partial occlusions. Due to operational and security constraints, this dataset is not publicly available; however, its structure, class composition, and acquisition conditions are described in sufficient detail to enable replication using similar port monitoring systems.

			All computational experiments were conducted using widely adopted open-source software tools. The implementation of neural network models was performed using the Python programming language and deep learning frameworks such as PyTorch, which provide transparent model definitions, reproducible training procedures, and extensive community support. Image preprocessing and augmentation operations were carried out using standard computer vision libraries, including OpenCV and NumPy. The use of open-source tools ensures transparency of the experimental pipeline and facilitates independent reproduction of the proposed approach.

			When the system receives an input image, it already knows a fixed set of categories or labels. These can be any objects: "tugboats", "barges", "passenger ships", "dry cargo ship". The computer must look at the image and assign it one of the labels.

			From the outside, the task seems simple, since most of our visual system is programmed to recognize objects. But for a machine, it is not so simple. Especially in such a specific field as water transport, since the outlines of vessels are similar and it is necessary to determine certain classification features of each type of vessel.

			When a computer analyzes an image, it doesn't "see" the whole picture of a cat or, for example, a tugboat. It only "sees" a giant grid of numbers. For example, if the image size is 800 by 600 and each pixel is represented by three numbers for the red, green, and blue channels, the resulting grid is 800 × 600 × 3 = 1,440,000 numbers. It is very difficult to distinguish any particular object represented in the image from this grid.

			This problem is called the "semantic gap" – a misunderstanding of the information contained in the data. For example, if to photograph a dry cargo ship from a different angle or in different lighting, the entire grid of numbers will look completely different. In addition, the photograph may only show part of the ship, for example the stern. Recognition algorithms must be resistant to such changes.

			In addition to these difficulties, there is the problem of intraclass variation, where a single concept encompasses a multitude of visual manifestations. For example, passenger ships can be of different types, ages, and sizes. And recognition methods must handle all possible variations.

			The first thing that comes to mind is to create reference rules. It is known that ships have certain deck equipment. In photos of them, it is possible to detect edges and then classify different angles and boundaries: for example, determine how the lines of the hull and bow of a ship meet.

			But explicit rule sets don't work very well: any deviation can break everything, and new objects will have to be created with new conditions. Therefore, this approach is not scalable.

			Instead of trying to manually create a set of rules, it is possible to open the Internet and collect a large dataset with photos of different types of river and sea vessels. For this, Google image search or a ready-made dataset is suitable. Then it is necessary to train the classifier by sending all the collected images to it. At the output, let's get a model that generalizes the knowledge of recognizing different objects. After that, it can work on new images and distinguish tugboats from dry docks.

			So, instead of one function that simply recognizes an object in an input image, there are two: the first is called "training" – this is the process of processing images and creating a model. The second function – "prediction" – recognizes new photos. Together, they form the basis for CNN and DNN in general.

			To begin, let's look at the simplest classifier, which is called the "nearest neighbor method". During the training process, it remembers all the original data, and during the prediction stage, it tries to find the most similar new images.

			There are many different ways to compare two images. In the example below, let's use the L1 distance, also known as the Manhattan distance. It simply compares the pixels of the images. Let's say that there is a test sample of 4 × 4 pixels. Let's take one of the training images and calculate the absolute difference between the colors of the pixels of the training and test samples, the L1 distance

			[image: ]	(2.1)

			and then sum up the obtained values.

			If the training set contains N examples, then training will always be performed in constant time p(1) [12], and prediction will be performed in linear time p(N) because the test image is compared to each training example. Linear prediction time is not very good. In reality, classifiers should be trained slowly and tested quickly. More advanced algorithms work in this way: they can be trained for a long time in a data center or on cloud servers, and then run on mobile phones.

			The l2 (Euclidean) distance is also often used in classification problems. It looks like the square root of the sum of the squared differences between pixel colors.

			Distance metrics make different assumptions about the expected geometry or topology of the space. l1 forms a square region, while l2 creates a circle. When the coordinate system is rotated, the Euclidean distance l2 will not change, while the Manhattan (MN) l1 will give a different result. It is important to take this spatial effect into account and choose the metric according to the original task.

			The process of choosing values that affect the performance of any method, such as the number of neighbors k and the distance metric, is called hyperparameter tuning. Hyperparameters cannot be explicitly extracted from the training data and depend only on the algorithm itself, so there are no clear recommendations for their selection. Most often, it is possible to find values by trial and error, finding out which ones work best.

			Let's figure out what "best" is:

			1. Choose parameters that will give the highest accuracy on the training data. And this is a very bad idea. In the case of the nearest neighbor method, at k = 1, almost perfect accuracy is achieved during training, but the algorithm does extremely poorly on the test data. This is called "overtraining".

			2. Split the population into training and testing sets and find hyperparameters that will make the algorithm perform better on the test samples. This strategy looks smarter, but in reality, it is also very bad. The main idea of L1 MN is that it is possible to know how the method will perform. And if to choose parameters that achieve good results on known images, then there is no guarantee that they will be achieved on other unknown images.

			3. Split the dataset into training, testing, and validation sets; select hyperparameters for the evaluation data and test them on the test data. And that's a good idea. First, the classifier is trained with different parameter options. Then, the values that work best on the evaluation data are selected. After that, the model processes the test set only once. The accuracy achieved in this case shows the true efficiency of the classifier.

			4. Divide the training data into many small subsamples, then cross-validate using different subsamples as the evaluation data, and average the results.

			The method is called "cross-validation" and works well on small datasets, but requires a lot of computational resources for huge datasets.

			The k-nearest neighbors' method is never applied to photographs because: it is very slow on test data; the metric of distances between pixel colors does not indicate the similarity of images.

			Another problem is the so-called curse of dimensionality, which is associated with the exponential growth of the amount of data as the dimensionality of the space increases. Therefore, algorithms based on brute force become inefficient as the dimensionality of the system increases.

			Linear classification algorithms are quite simple. However, they are used to create full-fledged neural networks. It is similar to Lego: it is possible to put different components together and build a "tower" convolutional neural network (CNN).

			Let's use the CIFAR-10 dataset. To classify an image, it is possible to create a simple parametric model with two components. The first is the input data, usually de­noted as X, and the second is a set of parameters or weights W. Now let's write a function that takes in the data X and the parameters W (Fig. 2.1) and then outputs 10 numbers describing the scores for each of the 10 categories in CIFAR-10.

			

			[image: ]

			Fig. 2.1 Creating a linear estimate

			

			A properly working model in the example above will give the highest score for the cat class. In this parametric approach, unlike the nearest neighbor method, let's generalize knowledge about the training data and use it to create parameters. Therefore, during testing, it was not possible to refer to the training sample every time.

			To get a function that combines weights and data, the easiest way is to simply multiply them. This will be a linear classifier

			f(x, W) = Wx + b,	(2.2)

			where b – a linear vector, whose size is equal to the number of classes (in this case 10). It does not interact with the training data and produces independent predictions for the classes. For example, if the set contains many more images of tugboats than of dry cargo ships, then the elements of the bias vector corresponding to the cat class will be higher than the others.

			 The score for any class is the product of the image pixels and the corresponding rows of the weight matrix, with an offset added. This is similar to a pattern match: each row corresponds to some template image, and the score indicates its similarity to the original photo.

			If to try to fold the rows of the weight matrix back into the image, it is actu­ally possible to get patterns collected from the data. A linear classifier uses only one pattern for each class. By creating more complex functions that relate the data and parameters, it is possible to learn more patterns and achieve better accuracy.

			In the decision domain, each image is represented as a point in a multidimensional space, which the linear classifier tries to fit within the boundaries of a linear solution (Fig. 2.2). In other words, it will separate the categories from each other by straight lines.

			Another challenge is the phenomenon of multimodality, which occurs in un­evenly distributed data. For example, photographs of ships may show them from different sides [12]. In this case, isolated islands with ships facing right, left, and other directions appear in the decision-making area.

			Despite the challenges, linear classification is a simple algorithm that is easy to interpret and implement.

			The main result that the loss function gives is an estimate of how well the classifier works on the sample. But it is possible to remember that the main goal of MN is to make the algorithm work correctly on the test sample. Therefore, a method that copes well with the training data may not work at all on new objects. This is called "overtraining". Suppose that our "dataset" consists of some points. If to force the algorithm to adapt perfectly to each point with zero losses, then the classification graph will turn into a winding curve (Fig. 2.3, curve 1). But this is a bad result, because it is about accuracy on the test sample, not on the training one. If to check the work on the test data (marked by the green squares in Fig. 2.3), then the blue curve will become completely wrong. Most likely, the classifier should find some curve (Fig. 2.3, curve 2) that would approximately correspond to both those and other data.

			

			[image: ]

			Fig. 2.2 Linear classification of a dataset
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			Fig. 2.3 Adding a test sample to the retrained model

			

			This is the fundamental problem of MN. Various regularization methods are usually used to solve it.

			It was said above that there are many options for optimal weights W. A regularization parameter is introduced specifically for this – it forces the model to choose such weights W, at which the solution will be the simplest. The concept of simplicity depends on the problem that the algorithm solves.

			This idea is related to the principle of Occam's razor – if an observation can be explained by several hypotheses, the simplest one should be chosen. In the case of classification, the simplest partition of the data should be chosen – in the example above, this should be curve 2, not curve 1 of order N. So, our function now consists of two components: the training data loss (the sum of all Li) and the regularization loss R(W)

			[image: ]	(2.3)

			where λ – a hyperparameter that determines how strongly regularization will affect the model.

			Now let's see what R(W) functions are and how they work. In practice, quite a few types of regularization are used, but for the purposes of this chapter, let's consider only the most popular ones:

			1. Regularization L2.

			It is used quite often in MN. It is the normal Euclidean norm of the parameters W (sometimes the square or half-square of the norm is taken). The idea is to simply add a "penalty" to the weights so that their values do not turn out to be too large. The function R(W) looks like this

			[image: ]	(2.4)

			2. Regularization L1.

			L1 uses the Manhattan norm W and also adds a penalty to the weights. With regularization the L1 parameter matrix looks sparser

			[image: ]	(2.5)

			3. Elastic network.

			This is a combination of regularization L1 and L2

			[image: ]	(2.6)

			There are other types of regularizations, such as maximum norm, dropout, batch normalization, and stochastic depth. They are used in narrower GN problems, which will be explored in the following sections.

			Let's imagine that we are walking through a large valley among mountains, fields and rivers. The height of each object in this landscape corresponds to the number of losses that appear at a certain setting W. Since the task is to achieve the lowest losses, it is necessary to somehow find the lowest point in the valley. In practice, the optimization process looks like a set of iterative operations, where a random solution is taken as the starting point, which, using certain mathematical tools, is gradually improved.

			Strategy 1. The first solution is to generate random values of W and see how well they work. But this is a bad idea and should not be used in practice. For example, for 10 classes of the CIFAR-10 "dataset", the probability of finding the corresponding W parameters will be 10%. This is a very bad indicator.

			Strategy 2. Standing on a slope, it is possible to look for a descent. In mathematics, the analogue of finding a descent is the derivative. By taking a one-dimensional function f(x) and calculating its derivative at any point, it is possible to determine whether the function is increasing or decreasing at that point. But in MN, X is usually a vector, so the generalized analogue of descent is the vector of partial derivatives or gradient. The gradient indicates the direction of increase of a function, to find its decrease, a negative gradient is used.

			So, now there is a parameter vector W, and our goal is to calculate the gradient vector [image: ]. It is simply possible to take the derivatives of each individual element. This way finds out how much the losses will change if to move by an infinitesimal amount in one of the coordinate directions. This approach is called "numerical gradient". In most real cases, these calculations will be too slow. After all, the training data sometimes contains millions of examples, and the algorithms for processing them can be much more complex. To solve the problem, there is the so-called "analytic gradient". From the course of mathematical analysis, it is simple to write down the expression for the losses, and then use differential calculus and immediately find the necessary gradient. This becomes possible thanks to the analytical derivative, which does not require substitution of values, but works with the entire function at once [13]

			[image: ]	(2.7)

			It's actually better to use the analytical gradient, but check the solution numerically. This is called gradient checking.

			First, let's initialize W with random values, calculate the losses and gradient, and then update the weights according to the negative direction of the gradient (Fig. 2.4).

			"Step size" is a hyperparameter that specifies the step size moved with each new gradient calculation. It is sometimes called the Learning Rate (LR). This is one of the most important settings in MN.

			

			[image: ]

			Fig. 2.4 Listing of implemented gradient descent in Python

			

			Let's see how it looks visually. In the graph below, the large multi-colored area is our loss function (Fig. 2.5). The red area is the minimum values that is possible to achieve, and the blue and green indicate high losses.

			

			[image: ]

			Fig. 2.5 Physical understanding of gradient descent

			

			Let's start with the initial W at a random point and calculate the negative gradient direction that should lead step by step to the minimum loss. This is the most obvious example of stepwise gradient descent.

			In the case of calculating the gradient W at each step, it is possible to consider all the training examples in the dataset. Because [image: ] is the sum of the individual gradients caused by each training element. But their number can reach a million, and in this case, ordinary gradient descent will work very slowly. Therefore, stochastic gradient descent is often used in practice:

			[image: ]	(2.8)

			[image: ]	(2.9)

			Its difference is that at each step the losses and gradient are calculated not on the entire "dataset", but on a small set of examples – a mini-package (and sometimes only on one example). That is, the W parameters are updated after processing several objects, and not after passing through the entire dataset. This significantly speeds up the optimization process, and only one line is added to the code (Fig. 2.6):

			

			[image: ]

			Fig. 2.6 Listing implementation of stochastic gradient descent in Python

			

			The function f takes data x and parameter W, as input and outputs a vector of scores s for each of the categories to be classified. The loss function L (for example, SVM) determines how correct the scores are, with its help it is possible to calculate the data loss. Regularization helps to learn about the simplicity of the model. The goal is to find the parameters W that correspond to the smallest losses. Let's use the negative direction of the gradient of the function L, which indicates the path to its minimum. There are two main ways to calculate the gradient: analytical and numerical. The numerical method is quite simple, but works very slowly and gives approximate values [14]. The analytical gradient is more accurate and faster, but it is easy to make mistakes when calculating it. To avoid this and easily calculate the gradient even for complex functions, it is better to use computational graphs.

			2.3 Development of a neural network for classifying visual information

			In order to ensure the possibility of independent reproduction of the obtained results, this chapter provides a detailed description of the main stages involved in the construction and training of the convolutional neural network model for vessel classification. The overall solution pipeline follows a sequential structure that includes input image preprocessing, formation of training and test datasets, definition of the neural network architecture, model training using gradient-based optimization methods, and quantitative evaluation of classification performance.

			During image preprocessing stage, input images are resized to a fixed spatial resolution, pixel intensity values are normalized, and basic data augmentation techniques are applied, when necessary, in order to improve robustness to illumination changes and viewpoint variations. The convolutional neural network architecture is designed according to a classical layered scheme that alternates convolutional layers, nonlinear activation functions, and dimensionality reduction layers, followed by a fully connected classification block. Model training is performed using the backpropagation algorithm in combination with stochastic gradient descent and its commonly used variants.

			The algorithmic sequence of model training and inference can be represented in the form of generalized pseudocode, reflecting the key computational steps of the process, including network parameter initialization, forward propagation, loss function computation, weight updates, and accuracy evaluation on a validation dataset. Such a representation enables the proposed approach to be reproduced using any modern deep learning framework.

			The structural diagram of the convolutional neural network presented in this chapter illustrates the general logic of model construction and the interactions between its main components, serving as a reference template for implementing similar classification systems in water area monitoring applications. Taken together, the descriptions of the network architecture, training procedure, and experimental ­setup provide a sufficient level of detail to allow independent verification and replication of the reported results.

			A computational graph is an illustrated representation of any function consisting of vertices (sometimes called nodes) and edges. Vertices are computational operations to be performed, and edges connect them in a certain sequence. Fig. 2.7 shows an example of a graph with a classifier.
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			Fig. 2.7 Artificial neuron as a graph

			

			A node with an operation (*) means the multiplication of the parameter matrices W and the data x, which results in a weight vector s. The next dependent loss node (hinge loss) defines the data loss L. Node R computes the regularization. Finally, it is possible to obtain the total loss by summing the regularization and data loss. The advantage of graphs is that they allow to use the so-called backpropagation ­method. This algorithm recursively uses the differentiation rule of a complex function to calculate the gradient of each variable in the graph [15]. The method becomes very useful for really complex functions, such as those used in convolutional neural networks (CNNs).

			Let's recall the linear classifier function. If to "transform" it on a neural network (NN), it is necessary to split the parameters W into two parts: W1 and W2 and apply one linear transformation on top of the other (Fig. 2.8).

			

			[image: ]

			Fig. 2.8 Simple two-layer neural network

			

			A simple two-layer NM with two linear layers was obtained

			[image: ]

			In Fig. 2.8 above, x – the input data, h – the intermediate nonlinearity, and s – the output vector of estimates. In a broader sense, neural networks are complex functions made up of simple ones.

			It was previously noted that each row of the weight matrix W is a template of one of the classes. These templates looked like an average object. It was also found that there is a problem with such single templates: for example, the class of ships in the datasets can be colored in different colors. Multilayer networks solve this problem: W1 contains the single templates themselves, but now the estimates for them are stored in an intermediate nonlinear variable h. The next layer W2 will combine the templates using a weighted sum, which will allow more accurate estimates of cars of other colors and other various objects.

			By the way, nothing prevents from adding another layer to improve recognition accuracy

			[image: ]	(2.10)

			This is how deep NMs appear.

			Convolutional neural networks (CNNs) handle large data sets well and are trained efficiently on GPUs using parallel computing. These features have become crucial to the fact that AI is now used almost everywhere. It solves problems such as image classification and search, object detection, segmentation, and is also used in more specialized fields of science and technology.

			Let's assume that there is a 32 × 32 × 3 original 3D image. Let's stretch it into one long vector 3072 × 1 and multiply it with a weight matrix of size, for example, 10 × 3072. As a result, it is necessary to get an activation (an output with class scores) – to do this, let's take each of the 10 rows of the matrix and perform a scalar product with the original vector (Fig. 2.9).

			

			[image: ]

			Fig. 2.9 Unfolding an image into a one-dimensional vector

			

			The number 1 is the result of the dot product between one row of the weights W and the output vector. As a result, let's get a number that can be compared to the value of a neuron. In our case, let's get ten values. Fully connected layers work on this principle.

			The main difference between convolutional layers is that they preserve the spatial structure of the image. Now it is possible to use weights in the form of small filters – spatial matrices that pass through the entire image and perform a dot product on each of its sections Fig. 2.10. In this case, the size of the filter always corresponds to the dimensions of the original image.

			As a result of the image pass, let's obtain an activation map, also known as a feature map. This process is called spatial convolution [16, 17].

			A large number of filters can be applied to an image and different activation maps can be obtained at the output. This way forms one convolutional layer. To create a whole NM, the layers are alternated one after the other, and activation functions (for example, ReLU [17]) and special pooling layers are added between them, which reduce the size of the feature maps.

			In the first layers, convolutional filters are usually associated with low-level image features, such as edges and boundaries. In the middle, there are more complex features, such as corners and circles. And in the final layers, the filters are more like some specific features that can be interpreted more broadly.

			

			[image: ]

			Fig. 2.10 Collapse of the image

			

			Fig. 2.11 below shows examples of 5 × 5 filters and the resulting activation maps when applied to the original image (top left). The first filter (circled in red) looks like a small section of a border tilted to the right. If to apply it to a photograph, the highest values (white) will be where there are edges with roughly the same orientation. It is possible to see this by looking at the first activation map.

			

			[image: ]

			Fig. 2.11 Example of 5 × 5 filter operation

			

			Thus, one layer of the NM finds the areas of the image that are most similar to the given filters. This process is very similar to the usual convolution of two functions. It shows how objects correlate with each other. Putting everything together, let's approximately get the following picture: taking the original photo, let's pass it through alternating convolutional layers, activation functions and pooling layers. At the end, let's use the usual fully connected layer, connected to all the outputs, which shows the final estimates of each class (Fig. 2.12).

			

			[image: ]

			Fig. 2.12 Scheme of the convolutional operation neural networks

			

			This is the principle that modern ZNMs work on. So, let's look at the full set of functions of the convolutional layer:

			1. Accepts an original image of a certain dimension W1 × H1 × D1.

			2. Uses four hyperparameters for filters: the number of filters K; their size F; step S; number of extra zeros P (used to fill in the "lost" areas of the image after applying convolution).

			3. Outputs an activation map of size W2 × H2 × D2, where:

			W2 = (W1 – F + 2P) / S + 1;	(2.11)

			H2 = (H1 – F + 2P) / S + 1;	(2.12)

			D2 = K.	(2.13)

			4. Uses F × F × D1 weights per filter, for a total of (F × F × D1) × K weights and K offsets.

			Learning NM is an unpredictable and exciting process, which, however, requires careful preparation. In general, it can be divided into three main stages:

			– one-time setup. Activation function selection, data preprocessing, weight initialization, regularization, gradient testing;

			– learning dynamics. Tracking the learning process, optimizing and updating ­hyperparameters;

			– evaluation. Using ensemble methods [18].

			Activation function selection. Earlier it was found out that each layer of the NM receives input data. They are multiplied by the weights of the fully connected or convolutional layer, and the result is passed to the activation function or nonlinearity. Let's also talk about sigmoid and ReLU, which are often used as such functions. But the list of possible options is not limited to them. The task is to choose the activation function.

			Data preparation. There are three most common methods of data preprocessing. Let's assume that the data X is a matrix of size [N × D]:

			1. Subtracting the mean. To avoid skewing the data and make it symmetric about zero, the mean value is subtracted from each element. This helps prevent the situation where all the original numbers turn out to be only positive or negative. In NumPy, the operation has the form X = np.mean(X, axis = 0). In particular, when processing images, it is possible to subtract one value from all pixels (for example, X = np.mean(X)) or do it separately for each of the three-color channels.

			2. Normalization. Transforming the data so that they are approximately the same scale. One option is to divide each dimension by its standard deviation: (X = np.std(X, axis = 0)). Another option is to normalize each value so that min and max are –1 and 1, respectively. Normalization should only be used if the original data has different formats or units. Pixel values do not fall outside the range of 0 to 255, so there is no need to perform normalization for them.

			Initializing the weights. So, the neural network architecture was built and the data were prepared. Before starting training, it is necessary to initialize the para­meters (weights).

			What not to do: set the weights to zero. This will cause all neurons to behave the same way – not what we want. The NM should learn different features.

			Small random variables. The most convenient option is to assign small values to the weights. Then all neurons will be unique and will gradually integrate into different parts of the network during the learning process. The implementation can look like this: W = 0.01 × np.random.randn(D, H). The randn(n) method forms an array of size n × n, the elements of which are random variables distributed according to the normal law with a mathematical expectation of 0 and a standard deviation of 1 (Gaussian distribution [19]). The disadvantage of this is that it works well for small architectures, but copes much worse with bulky NMs.

			Calibration using 1 / sqrt(n). The problem with the above method is that the variance of the random variables increases with the number of neurons. To avoid this, it is possible to scale the weights by dividing them by the square root of the number of inputs: W = np.random.randn(n) / sqrt (n). This ensures that all neurons in the network initially have approximately the same output distribution.

			It is also possible to use the option W = np.random.randn(n) × sqrt(2.0 / n), which was proposed in one of the studies [20, 21]. It leads to the most successful distribution of neurons, so in practice it is possible to recommend using it.

			Batch normalization. A method also known as batch normalization solves many initialization problems by forcing all activations to adopt a unit Gaussian distribution at the beginning of training.

			Let's consider a small number of neuron activations on a layer. Let the activation function be a vector of dimension D: x = (x(1), …, x(D)). Let's normalize it by each ­dimension

			[image: ]	(2.14)

			where M(x) – the mathematical expectation; D(x) – the variance, which is calculated over the entire training sample.

			So, instead of initializing the weights, it is possible to use this simple differentiable function and get a normal distribution at each layer.

			Batch normalization is usually applied between layers (fully connected or convolutional) and activation functions.

			This is a very useful algorithm that is often used in modern MN. NMs that use batch normalization, are much more resistant to bad initialization.

			Hyperparameter optimization. As is seen, training neural networks involves many stages of hyperparameter tuning. The most common are:

			– initial SHN;

			– the attenuation graph of the SH (for example, constant attenuation);

			– regularization power.

			If desired, it is even possible to modernize the network architecture if to suspect that it was not chosen very well.

			The graphical representations of the experimental results are based on the quantitative performance indicators summarized in Table 2.1. As shown by the obtained data, the proposed convolutional neural network–based model demonstrates a clear advantage over classical classification methods across all major evaluation metrics. In particular, the overall classification accuracy of the CNN approach reaches 93.4%, exceeding the performance of k-nearest neighbors, linear classifiers, and support vector machines with handcrafted features by approximately 7–12%.

			

				
					
							
							Table 2.1 Quantitative performance metrics for vessel classification
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			The precision and recall values indicate that the proposed model is capable of reliably distinguishing different vessel types under conditions of complex background scenes, varying illumination, and changing viewing angles that are typical for inland river-port environments. The aggregated F1-score confirms the balanced performance of the classifier and indicates the absence of a significant trade-off between false-positive and false-negative errors.

			Thus, the presented numerical results directly substantiate the trends illustrated in the corresponding graphs and provide a quantitative basis for the conclusions regarding the improved accuracy and effectiveness of convolutional neural networks in shipping monitoring and vessel classification tasks.

			Learning rate is one of the most important values. Fig. 2.13 on the left shows the effects that occur when the SH changes.

			

			[image: ]

			Fig. 2.13 Effect of learning rate on its accuracy

			

			 The second important thing to monitor is the accuracy of the network on the training and evaluation data. If to put them on the same graph, it is possible to assess the presence of overfitting, as evidenced by the diverging curves (Fig. 2.14).

			

			[image: ]

			Fig. 2.14 Dependence of estimation accuracy on retraining

			

			To find the optimal hyperparameters, it is possible to write a separate function that will independently select them and perform the optimization. In this case, it is better to use a non-uniform search (also known as "grid search"), but a random search, which often gives much better results.

			2.4 Conclusion

			The conducted research demonstrates that modern tasks of visual information recognition in water-area monitoring systems and inland waterway transport far exceed the capabilities of traditional computer vision algorithms. The analysis of theoretical and applied aspects of vessel-classification systems shows that methods based on heuristic rules, classical classifiers, or simple similarity metrics cannot ensure the required scalability or accuracy under real operating conditions of port infrastructure [21]. High variability in hull shapes, viewing angles, illumination, intraclass diversity, and the so-called semantic gap significantly complicate the construction of reliable models capable of generalizing information based on primitive features.

			Based on theoretical justification and comparison of approaches, it has been established that only deep learning – and specifically convolutional neural networks (CNNs) – provides the necessary foundation for automatically extracting ­relevant features from large sets of images [22]. CNN architectures demonstrate the ability to form multilayered representations, where initial layers respond to basic gradients and contours, and deeper layers extract complex spatial structures characteristic of particular vessel types. This approach ensures robustness to rotations, perspective changes, partial visibility, and various noise effects that are inevitable in video streams from river-port surveillance systems [23, 24].

			Special attention was given to the training process of neural models, including the choice of loss functions, regularization techniques (l1, l2, elastic net), the use of batch normalization, optimization strategies, and the application of derivatives, gradient descent, and stochastic gradient descent. The findings show that training effectiveness largely depends on proper weight initialization, correct data preprocessing, and optimal hyperparameter tuning. The use of randomized search, cross-validation, and regularization significantly reduces overfitting and improves overall classification accuracy [25–27].

			Thus, the results confirm that CNN-based models represent the most promising and effective technological foundation for developing intelligent monitoring systems for water transport. Their application provides:

			– improved accuracy of vessel classification in port water areas;

			– the capability for automated processing of large video streams in real time;

			– adaptability to variable external conditions;

			– reduced need for manual programming of rules and features;

			– robustness to noise and incomplete data [28].

			In the long term, implementation of the described models can ensure substantial progress in developing autonomous monitoring systems, enhance the efficiency of transport-flow management, optimize the operation of Ukrainian river ports, and strengthen safety mechanisms in the water-transport sector. At the same time, it can contribute to broader methodological application in areas such as organizational management, ecological analysis, engineering cybernetics, and simulation modeling, even including tasks related to the environmental protection of water re­sources [29]. The obtained results create a solid scientific basis for further advancement of intelligent image-analysis methods, integration of deep-learning models into complex surveillance systems, and development of new algorithms for vessel recognition in challenging environments.

			Further research within the direction considered may focus on extending and refining the proposed approach. In particular, the use of continuous video streams instead of individual static images would allow temporal information to be incorporated and could improve classification reliability in complex scenarios involving object occlusions or visually ambiguous cases. Another important direction is the expansion of the dataset to include images collected in different regions and under diverse operating conditions, which would enhance the generalization capability of the models.

			A promising avenue for future work is the integration of visual data with additional information sources, such as navigation or sensor-based systems, in order to increase robustness and reduce the impact of noise and incomplete observations. Moreover, further studies may address optimization of convolutional neural network architectures with respect to computational complexity, inference latency, and hardware constraints, which are critical factors for practical deployment in real-time port monitoring systems.

			Thus, the results obtained in this study provide a foundation for continued development of intelligent shipping monitoring systems and can serve as a starting point for expanding the functionality of decision-support and traffic management solutions for inland waterway transport.
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			CHAPTER 3

			Reengineering of management processes for the restoration of transport and logistics infrastructure through image recognition and BIM-oriented remediation

			Tetiana Cherniavska, Bohdan Cherniavskyi, Oksana Zghurska, Serhii Kasian, Kateryna Nakonechna, Yaroslava Mudra

			Abstract

			In the context of eliminating the consequences of emergency events (military conflicts, natural disasters, man-made accidents, etc.), it is appropriate to focus attention on issues of reengineering of infrastructure facilities, since the tasks go beyond traditional engineering design and include redesign of the managerial contour of the transport and logistics system (S&D → BIM/DT → 4D/5D → BPMN), re-assembly of roles and responsibility, implementation of end-to-end traceability (CDE/DT), risk-oriented prioritization and audit-ready frameworks of quality, safety and ecology. The authors of the monograph expanded the theoretical framework of the semantic content of the concept "reengineering" in the context of BIM/Digital Twin-oriented reconfiguration of the architecture and processes of remediation/reconstruction/restoration of transport and logistics infrastructure facilities on the basis of observation and diagnostics data. The increase in the scale and diversity of risks of a different nature determines the need to move from static regulations to a data-driven approach, namely: expanding the range of application of computer vision, analysis of images and UAV imagery, satellites, as well as neural-network recognition, which can be organically integrated with the BIM model of the facility, thereby forming a "digital twin". Such coupling will make it possible to provide a full cycle screening → diagnosis → prognosis → intervention, which will make it possible to automatically identify defects, verify their spatial-semantic localization in BIM, assess the degree of risk of collapse of the facility and/or failure, and on the basis of this – predict the operational life of structural elements. All this will make it possible to carry out more accurate planning of remediation/reconstruction/restoration works (4D/5D), choose the optimal scenario and protocol of necessary measures, effectively manage the course of implementation of the complex of works for restoration with subsequent successful commissioning of the facility into operation and audit. The authors of the monograph substantiated that BIM technologies play the role of a driver in BPR (business process reengineering) of the transport safety management system as a whole, since they are able to combine surveillance and management of restoration and repair works within operational requirements in a single information contour, while increasing the speed, accuracy, safety and minimization of risks of different nature and scale. The study proposes a metric support, which will make it possible to assess the effect of the implemented complex of works. Thus, the result of reengineering is proposed to be assessed using an integral indicator BOR-Index, which includes an assessment of safety, time, cost, quality, DT-fidelity, completeness of evidence, timeliness, and the readiness of data and processes to be assessed using the I-Score index by levels of interoperability (syntax/formats, semantics, process, operational, evidence/CDE). The monograph studied and proposed a transferable benchmark of construction and restoration of the Genoa bridge (­Italy) as confirmation of the feasibility of the coupling S&D → BIM/DT → 4D/5D in fast-track mode.
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			3.1 Introduction

			First of all, attention should be focused on the relevance and significance of this problem area, which is determined by a number of facts, namely:

			– the growth of the frequency and severity of emergency events, including military conflicts, which lead to large-scale damage to infrastructure, including transport and logistics infrastructure facilities, which directly affects the level of national security and carries the risk of economic losses;

			– the limitations of the traditional approaches used for eliminating the consequences of emergency events and for the operational restoration of the transport and logistics system;

			– the emergence of an innovative technological "window of opportunity", which is determined, first of all, by the scaling of the use of sensors, unmanned ­aerial ­vehicles (drones), satellite data, edge-AI, as well as the maturity of BIM/IFC, and the introduction into the practice of carrying out repair and construction works of 4D/5D;

			– the presence of a significant scientific-and-practical gap, which consists in the shift of the focus of scholars to the problems of defect detection of the functioning of transport and logistics infrastructure facilities and the not fully researched issues of using the potential of BIM/DT in the context of selecting optimal managerial decisions and quality control of remediation, reconstruction and restoration measures [1].

			The authors of the study examined benchmarks of effective application of BIM, in particular, projects on eliminating the consequences of events of a military nature in Iraq [2] and the project of construction and restoration of an infrastructure facility in Italy [3], which updates the problem area of expanding the range of application of BIM/Digital Twin technologies in the transport and logistics sphere.

			The authors defined the aim of the study – to form a holistic methodology and management architecture for the reengineering of affected transport and logistics infrastructure facilities based on end-to-end integration S&D → BIM/Digital Twin → 4D/5D+BPMN within the framework of ensuring transport safety, with a formally verifiable effect by the integral indicator BOR-Index, assessing safety, time, cost, quality, DT-fidelity, evidence, timeliness of the implemented complex of works and the interoperability profile I-Score [4, 5].

			In the course of achieving the set goal, the authors performed the following tasks: substantiate the theoretical foundations of BIM-oriented remediation in the context of Surveillance & Diagnostics; form a conceptual model "surveillance → diagnostics → prognosis → intervention" in order to ensure operational management of transport safety; analyze the role and significance of the 4D/5D approach and at the same time to define the role of BIM as the "sense organ" of the digital twin; develop and propose an integration architecture and principles of interoperability; study the possibilities of transferring benchmarks of remediation/reconstruction/restoration of transport and logistics infrastructure facilities into projects for eliminating the consequences of emergency events.

			3.2 The theoretical foundations of BIM-oriented remediation of transport infrastructure facilities

			First of all, within the theoretical basis, it is necessary to define the key concepts and boundaries. The scientific reconnaissance of published sources on this topic carried out by the authors revealed that most works focus on detection [6]. However, in the authors' opinion, CV/ML can initiate the actions undertaken inside BIM/DT – from a defect map to a work schedule and budgets. In such a case, it is necessary to substantiate semantically and describe the geo-referencing of the recognized object (in this case, an element of point and/or linear infrastructure). This concerns the transfer of a pixel mask/box into the object-oriented structure of BIM (for example, a bridge element, a road-surface layer, a section of railway track, etc.), which is critically important in the context of remediation, reconstruction and restoration as a result of repair-and-restoration works after emergency situations or military conflicts, but is rarely described as a logical bridge between AI and engineering practice [7].

			The ideational impulse for searching for solutions to the tasks set in this study was a medical analogy. Namely, let's rely on the medical chain of continuity of care delivery → screening → diagnosis → prognosis → intervention → rehabilitation: screening as early identification of the condition, the clinical pathway through establishing a diagnosis and forecasting risk, and then therapeutic intervention and subsequent rehabilitation aimed at restoring functions and reducing disability. This intuitive sequence is used to clarify the logic of the engineering-and-managerial picture in the context of post-war and post-disaster restoration of transport and logistics infrastructure [8].

			According to the authors' vision of the monographic study, architectural-and-process reengineering constitutes a purposeful, standards- and metrics-based transformation of data architecture, roles and services, as well as end-to-end managerial processes of the national (including regional) system for ensuring transport safety and its remediation in the process of eliminating the consequences of emergency events [9, 10]. This transformation covers the contour: "surveillance → image recognition → situation assessment → action planning → risk assessment → implementation of a complex of works on remediation, reconstruction and construction → commissioning of facilities into operation → post-monitoring" through integration of:

			– Surveillance & Diagnostics (S&D), which includes computer vision/ML, UAVs, satellites (optical/SAR), (ground/airborne) LiDAR, IoT;

			– BIM/Digital Twin (DT) as a semantic core (in accordance with IFC/BCF, ISO 19650), in which the states are fixed as-designed → as-built → as-damaged → as-repaired/as-remediated;

			– the operational layer, which, among other things, includes BPMN orchestration, 4D/5D planning, as well as quality control, occupational safety, environmental control and audit.

			Reengineering of the transport safety assurance system within the aggregate of all structural elements of the territorial transport and logistics system covers the entire multi-level ecosystem of participants (including public administrative bodies, operators, contractors, transport and communications regulators, financial donors, etc.), all classes of transport and logistics infrastructure facilities (linear and point), the life cycle of remediation/reconstruction/restoration works, as well as the security and interoperability policy [11].

			In the authors' conviction, the term "reengineering" most accurately describes the initial need to restore the functional properties of the transport and logistics system in the event of emergency situations, namely: destruction of a facility (complete or partial), disabling of infrastructure facilities and its unfitness for further operation, as well as complete and/or partial impossibility of carrying out the main processes for safety reasons. As a result of this, the relevant governing bodies face, determined by these circumstances, a goal – to radically redesign the architecture of data, roles, processes and decisions (S&D ↔ BIM/DT ↔ BPMN + 4D/5D) taking into account risks, standards and regulations, technical, technological, as well as financial capabilities (Fig. 3.1).

			

			[image: ]

			Fig. 3.1 Structure of APRe-TISRM (architectural-process reengineering for transport infrastructure safety, remediation & management/restoration)

			

			Summarizing everything above, it is possible to state that BIM and Digital Twin form a single axis, where BIM acts as a semantic foundation (IFC/BCF), which makes it possible to structure the geometry, composition and hierarchy of all infrastructure elements, the typology of defects and the necessary restoration-and-repair, as well as remediation/reconstruction/restoration works, also for the purposes of resource justification. Digital Twin acts as an operational "living" mirror above BIM, which makes it possible to synchronize the model with actual observations [12], as well as to record the states as-designed → as-built → as-damaged → as-repaired/as-remediated, implement scenarios and, while closing control loops, implement the function of a semantic container and a "sense organ" that is capable of integrating observation streams. In turn, Surveillance & Diagnostics is interpreted by the authors as a triad of interrelated functions: surveillance through the collection and processing of data of transport and logistics infrastructure facilities, recognition of patterns, and on this basis – diagnostics and prognosis with the corresponding engineering conclusions and managerial decision-making.

			Surveillance & Diagnostics (S&D) act as a kind of "sense organ" of the system, which makes it possible to carry out comprehensive multimodal surveillance through the integration of the received information of video surveillance, UAVs, satellites, LiDAR, as well as IoT, etc. [13]. Then, identification and verification of patterns is implemented: the results of diagnostics and prognoses are semantically addressed to BIM elements or chainage segments (with an indication of the degree of confidence and the level of error).

			According to the authors' view of the study, the uniqueness of BIM technologies lies in the fact that they directly influence critically important factors in the remediation/reconstruction/restoration of transport and logistics infrastructure facilities, namely, 4D (time) and 5D (cost) in operational management, scenario planning of the protocol of necessary works, resource optimization, risk reduction and ensuring safety [14]. 4D and 5D are layered onto the semantic model of organizing the implementation of a complex of measures that are multidirectional by nature, which makes it possible to implement optimal scenarios for restoring an infrastructure facility, while taking into account access possibilities, time windows, weather and technical-and-technological conditions, as well as the possibility of implementing combined measures. In turn, BPMN orchestration makes it possible to take into account and to highlight priorities in restoration scenarios into executable processes with human (Human-in-the-Loop) and automated multi-agent (AOAM) participation where required [15, 16].

			Thus, in APRe-TISRM, BIM/DT acts simultaneously as a semantic container and an operational platform, which makes it possible to translate recognition results into manageable decisions, which as a result can significantly accelerate the remediation/reconstruction/restoration of facilities (4D), optimize the budget (5D), and at the same time ensure environmental and transport safety as a whole (including, through aggregating a database of quality control of performed works, compliance with standards and norms, etc.).

			The next theoretically significant aspect is that, in the context of post-war and/or post-disaster recovery, the concept of remediation should be considered at least in terms of three interrelated layers [17], namely:

			– technical remediation (engineering remediation), which covers a set of measures to restore the main functional characteristics, eliminate defects and vulnerabilities, bring facilities to safety and reliability operation standards, and in some cases – redesign of transport and logistics hubs;

			– environmental remediation, including, among other things, decontamination, extraction, sanitary-and-environmental control, returning the facility to economic use and preventing re-contamination;

			– socio-economic remediation, namely, restoring accessibility and connectivity of the entire transport and logistics system, reducing the time of logistics costs, restoring network load, commodity flows, activating population mobility and employment, active use of services by all subjects of the system – that which in the logic of Build Back Better means not simply "return it as it was", but optimize the operational resource and increase the resilience of point and linear infrastructure facilities.

			In accordance with what is indicated above, in APRe-TISRM this is reflected through the implementation of a complex of multidirectional remediation/reconstruction/restoration measures, covering a set of technical + environmental + socio-economic interventions, stitched through BIM/DT, making it possible to fix the semantics of the state of facilities, S&D (surveillance → recognition → diagnostics), 4D/5D scenario planning and BPMN orchestration with built-in Eco/Safety/Audit gates, as well as the corresponding KPIs.

			Summarizing everything set out above, it is possible to state that BIM-oriented remediation is an integrated (technical, environmental and socio-economic) set of multidirectional interventions managed through BIM/Digital Twin, which play the role of a semantic-and-operational core, where S&D events are addressed to IFC elements and chainage segments, translated into 4D/5D scenarios with Eco/Safety gates, and the implementation is fixed as as-remediated in the CDE with an audit of the performed actions and calculated effects.

			3.3  The methodological framework for managing remediation/reconstruction/restoration of affected transport and logistics infrastructure facilities

			The process-and-architecture model APRe-TISRM substantiated in the previous chapter covers the end-to-end managerial contour of all remediation, ­repair-and-restoration and construction measures for transport and logistics infrastructure facilities: from identification and verification of damage – to diagnostics of the possibility of putting into operation after carrying out the required protocol of works with account of prioritization, then to 4D/5D scenario planning in linkage to process orchestration of the set of measures, and at the final stage – to commissioning of the facility into operation on the basis of the conclusion of a comprehensive independent audit with subsequent post-restoration monitoring (with possible model training).

			It should be especially emphasized that the semantic foundation of the framework sets the axis S&D → BIM → Digital Twin → BPMN + 4D/5D. In it, S&D (Surveillance & Diagnostics) plays the role of the "sense organ" of the system, where multimodal data sources, including information from video surveillance cameras, UAVs, satellites, LiDAR, etc., through fusion and registration are transformed into detections/masks/anomalies with an assessment of the degree of confidence. Aggregated S&D detections after fusion undergo geo-referencing and are addressed to the corresponding IFC elements for point infrastructure facilities and to chainage segments for linear infrastructure facilities with records of the degree of confidence and errors. All this is stored in the DT state and influences the Confidence-Gate/HIL.

			BIM occupies a central place in this foundation; in it, data about a specific infrastructure facility are collected step by step and then, if necessary, used, starting from the design stage and ending with its demolition (including key technical characteristics, dimensions, cost, data on changes made during operation, etc.). Digital Twin serves as a kind of operational mirror, which makes it possible to synchronize the actual states of the facility (as-designed → as-built → as-damaged → as-repaired/as-remediated) and link the surveillance carried out during restoration with the chosen strategy, tactics, the established protocol, plans and deadlines of works. On this foundation, a risk engine of managerial decisions operates, which forms the prioritization of interventions and the choice of optimal scenarios of remediation/reconstruction/restoration of infrastructure facilities based on engineering risk, environmental and socio-economic risks, as well as the overall impact on transport safety.

			The actual implementation of the functions of the framework described above is ensured by 4D/5D planning and BPMN orchestration. As indicated earlier, time (4D) and cost (5D) are layered onto the semantics of BIM in order to be able to form a set of permissible scenarios of remediation/reconstruction/restoration of facilities and choose from all permissible ones the optimal one, taking into account access windows, the level of safety of carrying out the protocol of measures, actually available resources and supply capabilities, as well as taking into account routing of construction-and-repair crews for linear infrastructure facilities and staging of performed works for point facilities. The described processes can be pre­sented as a chain of interrelated actions Intake → Verify (HIL) → Triage (risk) → → Plan (4D/5D) → Execute → QA/Accept → Monitor, where Human-in-the-Loop is engaged at a low degree of confidence of image recognition and in the case of critical extraordinary situations.

			In the described configuration, the mechanism of manageability is regulated by "gates", namely: a Confidence-Gate for the purpose of verification of the segregation of S&D events with a low degree of confidence; an Eco-Gate in situations where carrying out a complex of remediation measures is mandatory from the standpoint of ensuring environmental safety (including remediation of the infrastructure facility itself, the territory on which it is located, as well as air and water) in cases of exceeding standards and regulations; a Safety-Gate in the case of the need to ensure access for carrying out the required protocol of works (including the need for demining, equalization the impact of weather conditions that hinder/make impossible the implementation of remediation/reconstruction/restoration operations, as well as taking into account actual technological windows); and at the final stage an ­Audit-Gate, which makes it possible to put the facility into operation only if there are artifacts as-repaired & as-remediated. All the above-mentioned artifacts, scenarios and protocols are maintained in the CDE based on the standards ISO 19650, IFC/BCF, BSDD, OGC/INSPIRE, which ensures interoperability, ensures automated interaction between heterogeneous systems without limitations, which makes it possible to carry out technical, donor financial and ESG audit.

			It should be noted that, at the same time, the framework described above makes it possible to clearly distinguish two classes of infrastructure facilities – linear (including: highways, railways, tunnels, metro lines, etc.) and point (including: bridges, transport hubs, seaports, railway stations, airports, etc.). Each of them has different data addressing (chainage vs. IFC hierarchy), different profiled metrics, as well as different planning models and protocols for carrying out remediation/reconstruction/restoration works. It is important to note that this separation is embedded at all levels – from S&D mapping to KPI.

			As was substantiated earlier in the study, in APRe-TISRM remediation is understood by the authors in an integrated manner, namely, as a set of various technical, environmental and socio-economic interventions in the logic of Build Back Better, in which the goal is not only to return the functional qualities of the facility, but also to optimize operational properties, increase its level of resilience, transport safety, and also increase the efficiency of the transport and logistics network as a whole. For these purposes, it is appropriate to implement in the framework a system of SLA/KPI management tools with the possibility of exporting them in open formats.

			Thus, APRe-TISRM is not only a set of technologies, but also an executable method­ology that makes it possible to transform the system of continuous monitoring of point and linear transport and logistics infrastructure facilities into a manageable system of their optimal operation based on the key parameters of ensuring transport safety, thanks to data standardization, process discipline and clearly defined responsibility.

			Table 3.1 presented below serves as a bridge between the methodological description and the logic of the framework's functioning. It records those very "joints" of the data → decisions → actions → evidence contour, starting from the mapping of S&D events, including IFC elements and chainage segments – through updating the states of facilities in the Digital Twin – to launching the risk engine for managerial decision-making with the selection of strategy, tactics, priorities, optimal protocols and scenarios with subsequent 4D/5D planning, and then to process orchestration and completion of remediation/reconstruction/restoration works with an evidence base of compliance with norms and standards in the CDE.

			

				
					
							
							Table 3.1 Method for calculating BIM/Digital Twin indicators in the APRe-TISRM framework

						
					

					
							
							Indicators

						
							
							Role in APRe-TISRM

						
							
							Key variables

						
							
							Formula/rule

						
					

					
							
							Mapping of Pixel/Track objects → → IFC/Chainage

						
							
							Transformation of S&D events into manageable data (IFC GUID/chainage segment)

						
							
							d ∈ D – an S&D event (detection/anomaly/change) obtained from surveillance sources; A; u(d) – degree of confidence; ε(d) – registration error

						
							
							f: D → A, where A is the set of infrastructure addresses: IFC elements (point assets) and chainage segments (linear assets); f(d) = argmax_{a ∈ A} Overlap_{geo/sem} (d, a); u(d) and ε(d) are stored in the DT

						
					

					
							
							Confidence-Gate

						
							
							Filter for inaccurate data, as well as data with a low degree of confidence; u(d) – confidence for event d [0…1]

						
							
							u(d) – confidence for event d [0…1]; ε(d) – geo-registration error of event d (m/pixel/arc sec); θ_c, θ_ε – thresholds for the Confidence-Gate (minimum acceptable confidence and maximum acceptable error)

						
							
							If u(d) < θ_c or ε(d) > θ_ε ⇒ HIL/inspection, prohibition of auto-generation of tasks until verification

						
					

					
							
							Facility state → DT

						
							
							Life cycle and history of a structural element of an infrastructure facility (versions in the CDE)

						
							
							xi(t) – the state of DT element i over time (parameters of the detected defect, load/environmental indicators, statuses)

						
							
							xi(t+) = Update(xi(t), f(d), evidence); states: as-designed → as-built → as-damaged → as-repaired/as-remediated

						
					

					
					
							
							Engineering risk

						
							
							Reliability/safety (probability × consequences)

						
							
							Pi – probability of failure/degradation for element i (ML + physical models); Si – consequences of failure (safety/lack of accessibility/downtime), damage scale

						
							
							Ri^eng = Pi · Si; Pi – ML + physics; Si – consequence matrices/risk classes

						
					

					
							
							Eco-risk

						
							
							Compliance with standards and regulations

						
							
							c, A, T – contaminant concentration, impact area/volume, exposure time

						
							
							Ri^eco = φ(c, A, T) the specific φ is defined in the remediation methodology; "compliance vs exposure"

						
					

					
							
							Network/node effect in transport and logistics infrastructure

						
							
							Impact on the logistics corridor/transport hub

						
							
							ΔL – network effect on a linear corridor (change in flow/travel time/detours/resilience); ΔNode – node effect (throughput of a transport hub, redundancy)

						
							
							ΔL = g_net(Δflow, Δtravel-time, detours, resilience); ΔNode = g_node(throughput, redundancy/centrality)

						
					

					
							
							Prioritization of remediation/reconstruction/restoration measures

						
							
							Unified intervention priority

						
							
							w1, w2, w3 – weights for aggregating prioritization criteria (configured by the public administrative body/customer)

						
							
							Πi = w1 · Ri^eng + w2 · Ri^eco + + w3 · (ΔL or ΔNode); w is calibrated by the governing body; a multi-objective problem formulation is possible

						
					

					
							
							Eco-Gate

						
							
							Mandatory remediation when threshold contaminant pollution norms are exceeded

						
							
							Ri^eco – environmental risk for element/segment i; θ_eco

						
							
							If Ri^eco > θ_eco ⇒ remediation is mandatory (before and/or together with reconstruction/repair, or decommissioning); commissioning of the facility into operation is impossible without eco-evidence

						
					

					
							
							4D/5D planning

						
							
							Analysis of access to the remediation/reconstruction/restoration site; demining/technical-and-technological conditions/weather conditions/time windows

						
							
							h(…) condition; θ_safe threshold

						
							
							If access to the facility for executing the protocol of measures is not ensured ⇒ blocking the start of works

						
					

					
							
							Execution of the work protocol → evidence base for control and audit

						
							
							Closing tasks by evidence (CDE)

						
							
							photos/videos, LiDAR/point clouds, environmental samples, as-built models, technical and financial documentation

						
							
							Audit-Gate: closure ⇔ the CDE contains as-repaired & as-remediated with geo-referencing, timestamps, and links to the element/segment of the infrastructure facility

						
					

					
							
							Post-monitoring/training

						
							
							Self-improving loop

						
							
							new events d′

						
							
							Repeated surveys/sampling → updating xi, retraining CV/ML, recalibrating Gate thresholds, updating maintenance plans for transport and logistics infrastructure facilities

						
					

				
			


			The Table 3.1 presented above is structured in such a way as to capture the key managerial invariants of APRe-TISRM:

			a) what exactly enters at each stage (key variables);

			b) which rule is applied, indicating the formula and/or specifying specific conditions;

			c) the managerial effect that is achieved as a result of the actions undertaken.

			Thus, BIM confirms its significance as a foundation, Digital Twin – as an operational "mirror" through synchronization of data on the state of facilities and the implementation of the selected protocol scenarios of remediation/reconstruction/restoration of transport and logistics infrastructure facilities, and the CDE – as an environment of interoperability, versioning and audit.

			3.4 BIM/DT as the core of APRe-TISRM: verification of interoperability, significance for ensuring transport safety, and the BOR-Index

			Within APRe-TISRM, which covers a set of interconnected and mutually influencing structural elements such as Surveillance & Diagnostics → BIM/Digital Twin → BPMN + 4D/5D → Evidence/CDE, it is precisely BIM/Digital Twin that act as the semantic and operational core. A critical condition for the operability of such a contour is interoperability, namely, the ability of heterogeneous systems and data, including IFC/BCF/BSDD, OGC/INSPIRE, CDE/API, etc., to pass the entire path from the source data to the decisions made and the evidentiary database confirming the implementation of the work protocol without losses and delays. It should be emphasized that losses during exchange and breaks at the junctions S&D ↔ BIM/DT ↔ BPMN/4D/5D significantly worsen safety, increase time and cost, and also negatively affect the completeness of evidence.

			An in-depth study of this issue confirmed the primary role and significance of interoperability. In a general understanding, interoperability constitutes the ability to automatically, safely and unhinderedly exchange interpretable data between devices and systems in an information-and-technology network in a standardized manner without technical limitations [18]. 

			In the authors' opinion, assessing interoperability is one of the significant para­meters of APRe-TISRM, since it makes it possible to connect the logic of the theoretical linkage S&D → BIM/DT → 4D/5D → CDE with practice, taking into account safety, time, cost, commissioning of infrastructure facilities into operation, which makes it possible to form an objective basis for ranking, financing and scaling BIM-oriented remediation for both linear and point facilities.

			For the purpose of an objective assessment of interoperability, the authors emphasized the key aspects:

			1. Scope of coverage: linear vs point infrastructure facilities.

			As was indicated earlier, transport and logistics infrastructure covers linear facilities (including roads, rail tracks, subway lines, etc.) and point facilities (including bridges, tunnels, railway stations, transport hubs, logistics centers, terminals, seaports, airports, etc.) [19].

			For linear facilities, the key aspects, in the monograph authors' view, are: chainage and dynamic segmentation, the continuity requirements of remediation/reconstruction/restoration works, routing of crews as well as equipment taking into account the availability of time windows, metrics of the load of the transport and logistics network, accessibility of facilities, and also the time and required resource provision for carrying out the necessary measures. In turn, for point infrastructure facilities, the depth of IFC hierarchies and domain MVDs, distribution by 4D/5D stages, and assessment of the criticality of load on a transport and logistics hub (throughput, redundancy, centrality) are of significant importance and role. In this regard, identification of risk profiles and the corresponding specific data necessitates separate verification and validation of interoperability for linear infrastructure facilities and separately for point infrastructure facilities.

			In the context of this study, verification of interoperability is the answer to the question: "Do we correctly understand/interpret the obtained data about the infrastructure facility?". In turn, validation of interoperability is the answer to the question: "Do our integrated exchanges and processes S&D ↔ BIM/DT ↔ 4D/5D/BPMN actually work as intended and produce the required effect?" It should be emphasized that they are closely and end-to-end interrelated: without successful verification, valid effects are unstable and ultimately non-auditable, and without validation, the completed verification remains formal. However, together they transform BIM/DT from a "showcase" into an operational core for managing remediation and restoration for linear and point infrastructure facilities.

			2. Interoperability V&V framework (verification and validation).

			Four levels of interoperability and their corresponding checkpoints were examined in this study, namely:

			– syntactic, which focuses on assessing the correctness of IFC/BCF/BSDD and OGC/INSPIRE formats and schemas, as well as exchange profiles/MVDs and validators;

			– semantic, which consists in analyzing the consistency and comparability of defect types/codes/dictionaries for linear and point infrastructure facilities, as well as the accuracy of Pixel/Track → IFC/chainage mapping;

			– process, oriented toward assessing consistency with BPMN orchestration, gate logic (including Confidence/Eco/Safety/Audit), statuses, as well as routes of remediation/reconstruction/restoration measures;

			– operational, which focuses on assessing the causes and facts of delays, evaluating transaction reliability, and resilience under conditions of unstable communications and connectivity. In addition, the degree of completeness and traceability of evidence is assessed.

			It is possible to note that for each level, the corresponding metrics are records: ΔGeom/ΔAttr (round-trip losses), MapAcc (mapping accuracy), La­tency (event → → DT → task), GatePass% (percentage of cases that passed the gates), Traceability (links evidence ↔ element/segment of the facility ↔ version), API-Reliability, CDE-Conformance. These indicators are aggregated into the I-Score (0…1) – an integral assessment of interoperability with calibratable weights and thresholds.

			3. Link between interoperability, safety, and the BOR-Index.

			In APRe-TISRM, it is possible to define safety as the primary priority (safety-first): through strict thresholds of the residual risk level at the level of elements and the required network accessibility/LOS, as well as through the Safety-Gate, ­namely through the possibility of safe access to the infrastructure facility, including by means of demining and carrying out remediation measures for soil, water and air, ensuring personnel-safe conditions for performing restoration works, as well as weather and technological conditions. In the monograph authors' view, interoperability is a predictor of safety (including transport safety), since it determines the accuracy and timeliness of defect mapping in the DT, the correctness of prioritizing the required remediation/reconstruction/restoration works, and the quality of the 4D/5D plan.

			To objectify the assessment, it is proposed to use an integrated BOR-Index (BIM-Oriented Remediation Index) – an integral KPI of the quality of BIM-oriented remediation/restoration (0…1), which is based on normalized sub-indices, namely: the degree of reduction of engineering risk (S1), eco-compliance (S2), compliance with 4D parameters (S3) and 5D parameters (S4), DT consistency (S5), completeness of evidence (S6), and the degree of impact on the transport and logistics network (S7). Note that interoperability will affect the BOR-Index directly through S5 (DT-fidelity) and S6 (evidence completeness), and also indirectly through S1/S7 (assessments of risk accuracy as well as network accessibility). In practice, an increase in the I-Score leads to an increase in the BOR-Index, which is expressed in shorter delays in managerial decision-making, less rework, better manageability of 4D/5D, and faster auditable commissioning of restored infrastructure facilities into operation.

			The mathematical formalization of the BOR-Index is as follows

			[image: ].	(3.1)

			The decomposition of the BOR-Index formula with gates (indicator functions) is presented below:

			1. Safety-Gate.

			[image: ].	(3.2)

			2. Eco-Gate.

			[image: ],	(3.3)

			where [image: ] [image: ] – approved limits based on standards/permits.

			3. Audit-Gate.

			Let's define the completeness and traceability of the evidence base in the CDE for all tasks being closed for remediation/reconstruction/restoration of transport and logistics infrastructure facilities

			[image: ].	(3.4)

			4. Confidence-Gate.

			[image: ],	(3.5)

			where u(d) – the degree of confidence of the object detection; ε(d) – the registration error; HIL(d) = 1 – the fact of passing mandatory verification by specialists in the case of assessing "borderline" events.

			The scheme presented in Fig. 3.2 serves as a framework for linking the metrics described above. Thus, on the input contour S&D → CDE/DT, the I-Score is assessed for: Syntax/Formats and Semantics (registration and mapping accuracy); at the Prioritization/Planning junction – the I-Score for: Process/Operational (latency evt → DT → task, gate compliance); at the output Execute/QA → Post-Monitoring – the I-Score for: Evidence/CDE (completeness/traceability of evidence). All interoperability levels shown in the figure are aggregated into the BOR-Index, which makes it possible to directly identify the impact of each node of the scheme on the target effect of remediation and restoration of infrastructure facilities of the transport and logistics system.
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			Fig. 3.2 Architectural map of APRe-TISRM flows

			

			Next, let's move from the formal decomposition of the BOR-Index to its visual interpretation, since even a correct mathematical formalization remains a "black box" for various groups of stakeholders (let's refer to representatives of public administrative bodies, investors, IT specialists, engineers, contractors, etc.). Visualization makes it possible to interpret accumulated data and the calculated indicators in a clear way, namely:

			1) it explicitly shows where exactly losses arise in the contours S&D → BIM/DT → → Ops (interoperability analysis by levels);

			2) it explains which mechanism of improving interoperability is transformed into an increase in BOR (let's refer to the decomposition of cause-and-effect contributions);

			3) it allows quick comparison of groups of infrastructure facilities (linear vs point) in terms of their weak/strong zones.

			This is essential for the purposes of prioritizing remediation, reconstruction/restoration works, selecting the optimal scenario, protocol of measures, budget, as well as the timelines for its implementation.

			Of all possible options, it is feasible to select the following visualization forms:

			– Heatmap, which provides a "diagnosis" by interoperability levels (Syntax/Formats, Semantics, Process/BPMN + Gates, Operational, Evidence/CDE) and metrics (including Latency, MapAcc, Traceability), showing the specific breakpoints in the APRe-TISRM framework chain;

			– Waterfall, which answers the question "Why does the BOR index grow?", i.e., it makes it possible to see the contribution of ΔS5 (DT-fidelity), ΔS6 (evidence completeness) and indirect ΔS1/ΔS7 (timeliness/accuracy), linking the driver (interoperability) and the result (BOR);

			– Radar (Linear vs Point), which makes it possible to compare profiles and see where linear transport and logistics infrastructure facilities fall behind point facilities (or vice versa).

			In the monograph authors' view, together these three charts form a clear bridge "from formalization to making rational managerial decisions".

			For calculations and charting, the authors used Python (Matplotlib) scripts in a Jupyter-type computing environment. This approach is reproducible (script versions and the source interoperability matrices are recorded), transparent for ­audit (all data transformations are documented), and vendor-neutral with respect to specific CDE/IFC validation vendors – normalized matrices/metrics agreed with the methodology presented above are provided as input. Numerical values in the charts are marked as reference design values and are subject to refinement in pilots.

			In summary, it is possible to state that visualization in this context acts as a tool for managing the process as a whole, including managing information, coordinating all project participants, responsibility, resource provision, risks, time, cost, and the results of remediation/reconstruction/restoration of transport and logistics infrastructure facilities. In the authors' conviction, this set of visualizations will make it easier to defend project decisions before public administrative bodies, investors, donors and contractors, while minimizing the level of semantic ambiguity.

			The heatmaps presented in Fig. 3.3 show where exactly the interoperability chain breaks, and not simply which class of transport and logistics infrastructure facilities is better or worse. Based on these data, a general conclusion can be made: for linear infrastructure facilities, the weak point is addressing, routing, and delays, and for point facilities – the consistency of the stages of remediation/reconstruction/restoration works and the KPI of transport hubs. These are the growth points of the BOR-Index.

			By the aggregate interoperability indicator, point infrastructure facilities outperform linear ones, namely: I-Score_Point = 0.805 versus I-Score_Linear = 0.746. The weakest point for both groups is the operational delay "event → DT → task": the row average for Latency (inv.) for linear infrastructure facilities is ≈ 0.66 (values in the matrix respectively: 0.68/0.68/0.66/0.62/0.65), for point infrastructure facilities is ≈ 0.70 (values in the matrix respectively: 0.72/0.72/0.70/0.68/0.70).

			The Waterfall (Linear vs Point) presented in Fig. 3.4 shows which "building blocks" the increase in the BOR-Index is composed of due to the growth of interoperability. As is seen, the main contribution is made by ΔS5 (DT-fidelity) and ΔS6 (evidence completeness), and the indirect contribution – by ΔS1/S7, which characterize timeliness and accuracy. For linear infrastructure facilities, the total increase amounts to ≈ +0.050 (= 0.030 + 0.015 + 0.005), for point infrastructure facilities – ≈ +0.060, i.e., with an equal improvement of interoperability, point transport and logistics infrastructure facilities obtain a slightly larger gain.

			Based on this, it can be concluded that the maximum effect on the BOR index is produced by investment in the accuracy and relevance of the DT (reducing the gap "as-is" ↔ "DT") and the completeness of the evidence database in the CDE (traceable photos/videos/scans/environmental samples, etc.). For linear infrastructure facilities, it is additionally necessary to critically strengthen the chainage mapping chain and the VRPTW integration in order to reach the level of point infrastructure facilities. These waterfalls make it possible to answer the question: where to direct efforts first in order to transform I-Score growth into a tangible increase in the BOR-Index.

			In the presented radar chart (Fig. 3.5), it is clearly visible that point infrastructure facilities consistently outperform linear transport and logistics infrastructure facilities across all five interoperability levels: the differences amount to ~0.04–0.06 on each axis (especially in Operational and Process (BPMN + Gates)). The value labels show: Linear ≈ 0.71–0.77, Point ≈ 0.77–0.82, i.e., the lag of linear infrastructure facilities is systemic rather than local.
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			Fig. 3.3 Heatmaps of I-matrices for linear (a) and point (b) transport and logistics infrastructure facilities
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			Fig. 3.4 "Waterfall" of effects: how interoperability increases BOR: a – linear transport and logistics infrastructure facilities; b – point facilities

			

			

			[image: ]

			Fig. 3.5 Interoperability of S&D → BIM/DT → Ops by levels: comparison 
for point and linear transport and logistics infrastructure facilities

			

			In practice, this means prioritizing the undertaken measures for linear infrastructure facilities precisely in the "middle of the contour", namely, reducing latency and improving semantic mapping/process gates, since this is where the most significant breaks for the BOR-Index are. It is important to note that the radar chart makes it possible to set a vector for a roadmap oriented toward rapid elimination of process-and-operational failures for linear infrastructure facilities, while maintaining the achieved high level of Evidence/CDE for point infrastructure facilities.

			3.5 Benchmark case (Italy): transferable BIM/DT practices for remediation/reconstruction/restoration of infrastructure facilities in post-disaster territories

			In order to substantiate the expediency of the BIM-oriented remediation approach proposed by the authors, the Genoa bridge restoration case (Italy) was analyzed in depth and comprehensively – a still rare, yet well-documented example where the linkage BIM ↔ Digital Twin ↔ 4D/5D ↔ evidence-based commissioning of an infrastructure facility actually worked under the conditions of a crisis restoration project. Implementation of this benchmark is absolutely expedient in the context of eliminating the consequences of natural and man-made disasters, as well as eliminating the consequences of military activity, since it:

			– demonstrates a paradigm shift, namely, the transition from BIM as a design showcase to an operational core for managing time, cost, quality and safety;

			– provides an evidence base for stakeholders, namely, real facts of applying the BIM/DT linkage in the urgent restoration of a critical infrastructure facility;

			– directly correlates with the developed metrics, namely, this case makes it possible to test in practice the BOR-Index and I-Score proposed by the authors for implementation;

			– covers validation of the group of point transport and logistics infrastructure facilities, since the Genoa bridge is a point asset with a high level of node criticality.

			Description of the benchmark case: restoration of the bridge in Genoa (Viadotto Gen­ova – San Giorgio, Italy).

			Situation and scale. On 14 August 2018, a bridge span of approximately ≈ 210 m collapsed on the Morandi (Polcevera) viaduct, which as a result led to 43 fatalities, the shutdown of three railway lines, as well as significant transport-logistics and economic losses for Genoa itself and the region as a whole. A decision was made, as a replacement for the destroyed bridge, to build the new Genoa – Saint George Bridge (Viadotto Genova – San Giorgio), which represents a mixed steel-and-concrete structure with a total length of 1,067 m and a width of approximately ≈ 30.8 m, supported by 18 reinforced-concrete piers. Sensor systems and robotic monitoring systems were incorporated into this infrastructure facility. The project cost ­amounted to about 202 million EUR. The opening of the facility took place on 3 August 2020, and the opening of traffic took place on 4 August 2020.

			Technical and managerial parameters of the project. This project was imple­mented in an accelerated restoration mode with parallel dismantling of old structures, and the construction of the foundation started simultaneously with the completion of as-built design. Italferr (an engineering subsidiary company of Ferrovie dello Stato Italiane) was selected by the Pergenova consortium to develop the project. It should be noted that during design, 34 BIM models were synchronized into a single package. In order to meet extremely tight deadlines (initially, about three months were allocated for design), a BIM/DT approach with an open CDE environment on ProjectWise was implemented; MicroStation, OpenRoads, OpenBuildings Designer, Navigator, Descartes, and SYNCHRO (4D) were used. In addition, the geocontext of the data accumulated during project implementation was organi­cally integrated, namely, LiDAR surveys of the terrain and orthophotos; digital surface model data of the relief and the base of the bridge structure for checking pile depths and aligning design decisions with actual elevations.

			As a result, the following effects were obtained: optimization of the coordination process between project participants, automation of 4D scenarios, reduction of clashes, and increased accuracy of estimates and set planned indicators (Fig. 3.6).

			

			[image: ]

			Fig. 3.6 The BIM information digital model for the Polcevera Viaduct

			

			Composition of participants and roles. Architectural concept – Renzo Piano; ­builders – Webuild and Fincantieri; operator/concessionaire – Autostrade per l'Italia; technical supervision and certification functions – RINA (a contract was signed for an amount of about 14 million EUR). Commissioning was carried out with the participation of regional government authorities. It should be noted separately that robotic inspection tools developed by the Istituto Italiano di Tecnologia were installed at the facility.

			Chronology of the "compressed cycle". The public presentation of the concept took place in September 2018; intensive design-and-survey works → dismantling of the remaining structures in 2019; the "first stone" was laid on 25 June 2019; the main concreting of the deck slab was completed in June 2020.

			As a result, intelligent 4D coordination of works on restoring the infrastructure facility made it possible to meet the target horizon of ≈ 15 months of construction.

			Context and transferability boundaries in APRe-TISRM. In the Italian case, the linkage S&D → BIM/DT → Ops was built as a single managerial contour in which surveillance was immediately converted into manageable decisions. At the input, S&D provided multi-sensor surveying (UAV RGB/video, laser scanning, periodic inspections) with subsequent normalization and consolidation of data streams in a common CDE. In turn, at the BIM/DT layer, a high-detail model with specified LOD/LOI was maintained for critical nodes and in a mode of continuous synchronization of the states "as-designed ↔ as-built". The digital twin performed the role of a "sense organ" and a coordination plane for 4D/5D analysis with subsequent design and planning. Next, in the Ops layer, a 4D chronology of the executed works and 5D estimates were launched, and processes were orchestrated through BPMN with formalized Confidence/Eco/Safety/Audit gates. These gates served as "admission points", allowing the quality of data and the risks of starting/completing works within the specified time frames to be cross-aligned, with record of the evidence base in the CDE. As a result, an end-to-end cycle "data → semantics → action" was created and successfully tested, which made it possible to minimize time delays, significantly increase traceability, and ensure evidence-based commissioning of the facility into operation.

			It should be especially emphasized that in the Italian project BIM/Digital Twin acted not simply as one of the data sources, but as the semantic and operational center of the entire contour S&D → BIM/DT → Ops. First, BIM/DT made it possible to ensure addressability and traceability. That is, each signal from S&D (data received from UAVs, LiDAR, change-detection, etc.) underwent normalization in the CDE and was then linked to IFC elements (via GUID, MVD validation), which helped eliminate hanging defects without geometric-and-semantic addressing. Second, the digital twin maintained continuous synchronization of the facility's states (as-designed → as-built → as-damaged → as-repaired/as-remediated) and served as a coordination plane for 4D/5D, where each model update was automatically translated into the planned project timeline and budget. Third, BCF flows and BPMN gates in BIM/DT performed the role of a kind of process "arbiter". Finally, BIM/DT performed the role of the evidence base center: the "as-repaired & as-remediated" data were recorded in the CDE with linkage to the corresponding photo/video data, as well as data of technical expertise, environmental samples, and financial audit, which as a result made it possible to ensure the reproducibility of a direct link – "metric → artifact".

			The case studied was interpreted in Table 3.2 as a transferable correspondence table in terms of the parameters "data → tools → metrics → decisions", where each type of observation has a standard route in the CDE, semantic addressing in BIM/DT, and specific initial quality metrics.

			

				
					
							
							Table 3.2 Generalized correspondence table relevant to APRe-TISRM

						
					

					
							
							Block (data/tools)

						
							
							Used sources and means

						
							
							Processing → → integration

						
							
							Target metrics / artifacts / transfer characteristic

						
					

					
					
							
							Geometry and condition

						
							
							UAVs (RGB/video), ground/airborne LiDAR, photogrammetry, periodic inspections of the infrastructure facility

						
							
							Registration of point clouds; alignment with BIM (as-built/as-damaged); upload to the CDE

						
							
							ΔGeom, ΔAttr, scan density/coverage; deviation reports. Rule: each surveying cycle ↔ DT update; deviations automatically generate BCF issues

						
					

					
							
							Semantics and addressing

						
							
							IFC models, dictionaries, BCF issues

						
							
							GUID traceability; mapping of S&D events → elements/nodes of the infrastructure facility; MVD validation

						
							
							MapAcc (Pixel/Track → → IFC), attribute completeness, % of valid GUIDs. Rule: no GUID – no task. Planning is performed only for events linked to IFC

						
					

					
							
							Processes and integrations

						
							
							CDE (in accordance with ISO 19650), BIM ↔ 4D/5D ↔ supply/logistics API, starting BPMN engine

						
							
							Auto-synchronization of statuses; orchestration of implemented measures and commissioning of the facility into operation; analysis of protocols of planned works

						
							
							GatePass% (Conf/Eco/Safety/Audit), status traceability, SLA compliance. Rule: gates as predicates: without Conf/Eco/Safety-OK status, tasks do not start; without Audit evidence, they do not close

						
					

					
							
							Diagnostics and prognosis

						
							
							Change detection, automated/semi-automated classification, engineering calculations of RUL/risk

						
							
							Consolidation of conclusions in the DT; updating tolerance curves; task routing

						
							
							Accuracy (F1/IoU), Latency evt → DT → task, RUL MAE/MAPE. Rule: from pixel to managerial decision: diagnostic conclusions automatically form 4D/5D tasks

						
					

					
							
							Evidence and commissioning

						
							
							Photos/videos, point clouds, certificates of completed works, environmental samples, etc.

						
							
							Linking evidence to elements/nodes; "as-repaired/as-remediated" version in the CDE

						
							
							Evidence completeness, audit trail, reproducibility. Rule: closure = evidence + version in the CDE: without this, the Audit-Gate does not pass

						
					

					
							
							Operational readiness

						
							
							4D/5D plans, supply/routing of construction-and-repair crews

						
							
							Updating schedules as executed; VRPTW with account of access windows; accounting for Safety constraints

						
							
							Timeliness (S7), "plan vs actual" deviations, availability (uptime). Rule: latency down, uptime up: prioritize optimization of delays at the Ops stage

						
					

				
			


			Thus, in the table presented above, each block of tools and data is closed on BIM/DT – from a pixel and a point cloud to a manageable IFC element, from the status of a structural element of an affected infrastructure facility as a result of emergency events to the plan of remediation/reconstruction/restoration works and to evidence, which is what makes possible the implementation of this case as transferable into APRe-TISRM.

			3.6 Conclusion

			As a result of the conducted study, APRe-TISRM was formed and substantiated – an architectural-and-process model of an end-to-end contour Surveillance & Diagnostics → BIM/Digital Twin → 4D/5D + BPMN → execution → post-monitoring, oriented toward restoration and remediation of transport and logistics infrastructure facilities. It was substantiated that BIM/DT is not a "showcase" of data of a linear or point facility, but performs the role of a semantic-and-operational core that links pixels/point clouds with manageable IFC elements and automatically translates updates of the facility state in linkage with 4D (time) and 5D (cost) of remediation/reconstruction/restoration. The study proposed the I-Score metrics for assessing interoperability and the BOR-Index as a target integral indicator of safety – time – cost – quality – evidence – timeliness of remediation/reconstruction/restoration works, providing a unified basis for data interpretation for all stakeholders. A comparative analysis of linear and point infrastructure facilities was carried out: for the former, the key failures are located in the chainage/operational latency chain (S7), for the latter – in maintaining high DT accuracy and evidence completeness (S5/S6), which determines the difference in priorities of implementing the work protocol. The Genoa bridge restoration case was studied in order to analyze the possibility of transferability of the practice of restoring an infrastructure facility located in post-disaster territories. This benchmark will be especially relevant and significant for countries that have suffered from emergency events of a natural and man-made nature, as well as from military activity. Thus, the aim of the study – to build a holistic methodology and management architecture for restoration and remediation based on image recognition and BIM/DT – was achieved, and the tasks of theoretical substantiation, formalization, metrics and benchmarking were completed. In the monograph authors' view, the APRe-TISRM model can be used as a pilot version for approbation on infrastructure facilities of Ukraine after the end of the active phase of hostilities, ensuring verifiable, accelerated and safe restoration of the national transport and logistics system.

			The authors plan to conduct an in-depth study of the possibilities of 6D (operations) based on BIM/DT, where the digital twin will act as an operational core for managing energy consumption, operating modes and the technical condition of infrastructure facilities in real time. Research is also envisaged into algorithms of re­silient operational management – MPC/RL – and the development of an extended BOR index, allowing quantitative assessment of the effect of 6D interoperability through reduction of OPEX/CO2e, increase of uptime, and improvement of safety.

			Conflict of interest

			The authors declares that there is no conflict of interest regarding the content of this paper, including any financial aspects related to the conduct of the research, the acquisition and use of its results, or any non-financial personal relationships.

			Financing

			The study was performed without financial support.

			Data availability

			The data that supports the findings of this study will be made available by the authors on reasonable request.

			Use of artificial intelligence statement

			The authors state that artificial intelligence was used in this article only for partial translation of the text and correction of academic style.

			Acknowledgments

			The authors received no specific support from individuals or organizations that should be acknowledged beyond their institutional affiliations stated in the manuscript.

			Authors' contributions

			Tetiana Cherniavska: Conceptualization, Development of the theoretical and methodological framework (APRe-TISRM), Formal analysis, Integration of BIM/Digital Twin and Surveillance & Diagnostics concepts, Writing – original draft, Writing – review & editing.

			Bohdan Cherniavskyi: Methodology, Data curation, Software and computational modeling, Image recognition and analytics (CV/ML), Visualization (heatmaps, indices, benchmarking diagrams), Writing – review & editing.

			Oksana Zghurska: Investigation, Literature review, Analysis of post-conflict and post-disaster infrastructure recovery practices, Interpretation of results, Writing – review & editing.

			Serhii Kasian: Domain expertise in transport and logistics infrastructure, Validation of engineering assumptions, Risk and safety analysis, Formal analysis, Writing – review & editing.

			Kateryna Nakonechna: Methodological support, Analysis of process reengineering (BPMN, 4D/5D planning), Integration of management and operational aspects, Writing – review & editing.

			Yaroslava Mudra: Case study analysis (benchmarking, including international experience), Data interpretation, Project administration, Coordination of interdisciplinary inputs, Writing – review & editing.

			All authors contributed to the scientific content of this study, jointly developed the conceptual idea of BIM-oriented remediation and process reengineering for transport infrastructure recovery, participated in discussions and validation of results, and approved the final version of the manuscript.

			References

			1.	Abdelalim, A. M., Essawy, A., Sherif, A., Salem, M., Al-Adwani, M., Abdullah, M. S. (2025). Optimizing Facilities Management Through Artificial Intelligence and Digital Twin Technology in Mega-Facilities. Sustainability, 17 (5), 1826. https://doi.org/10.3390/su17051826

			2.	Saeed, Z. O., Almukhtar, A., Abanda, H., Tah, J. (2021). BIM Applications in Post-Conflict Contexts: The Reconstruction of Mosul City. Buildings, 11 (8), 351. https://doi.org/10.3390/buildings11080351

			3.	Adopting Digital Twin Solutions for Genoa Bridge Reconstruction Proves to be Economical and Efficient. Geospatial World Prime. Available at: https://­geospatialworld.net/prime/case-study/aec/adopting-digital-twin-solutions-for-genoa-bridge-reconstruction-proves-to-be-economical-and-efficient/

			4.	Gordo-Gregorio, P., Alavi, H., Forcada, N. (2025). Decoding BIM Challenges in Facility Management Areas: A Stakeholders' Perspective. Buildings, 15 (5), 811. https://doi.org/10.3390/buildings15050811

			5.	Cherniavskyi, B.; Cherniavska, T. (Ed.) (2025). Digitalization of crisis management remediation: assessment of implementation and development prospects. Economy in the era of digital transformation: trends, opportunities and perspectives. Tallinn: Scientific Route OÜ, 51–73. https://doi.org/10.21303/978-9908-9706-0-8.ch3

			6.	Wu, D., Zheng, A., Yu, W., Cao, H., Ling, Q., Liu, J., Zhou, D. (2025). Digital Twin Technology in Transportation Infrastructure: A Comprehensive Survey of Current Applications, Challenges, and Future Directions. Applied Sciences, 15 (4), 1911. https://doi.org/10.3390/app15041911

			7.	Cherniavskyi, B.; Cherniavska, T. (Ed.) (2025). Information technologies in scenario-based modeling of post-conflict territory remediation: from express sanitation to sustainable recovery. Ecological systems modeling. Tallinn: Scientific Route OÜ, 74–95. https://doi.org/10.21303/978-9908-9706-6-0.ch4

			8.	Cherniavskyi, B., Blakyta, H., Susidenko, V., Andreichenko, A., Remyha, Y., Podmazko, O.; Cherniavska, T. (Ed.) (2025). Innovative technologies and digital models in the post-war recovery of the transport and logistics system of Ukraine. Economy in the Era of Digital Transformation: Trends, Opportunities and Perspectives. Tallinn: Scientific Route OÜ, 110–143. https://doi.org/10.21303/978-9908-9706-0-8.ch5

			9.	Elazouni, A., Salem, O. A. (2011). Progress monitoring of construction projects using pattern recognition techniques. Construction Management and Economics, 29 (4), 355–370. https://doi.org/10.1080/01446193.2011.554846

			10.	Remedial Action Work Plan (2022). Hunter Army Airfield, G.

			11.	Shen, C., Chou, C.-C. (2010). Business process re-engineering in the logistics industry: a study of implementation, success factors, and performance. Enterprise Information Systems, 4 (1), 61–78. https://doi.org/10.1080/17517570903154567

			12.	Cherniavska, T., Cherniavskyi, B. (2025). Digital reconstructor: Integration of digital twins for the reconstruction and remediation of war-affected territories in Ukraine. UKLO Proceedings, 1 (1), 137–145. https://doi.org/10.20544/AISC.1.1.25.P13

			13.	Seidaliyeva, U., Ilipbayeva, L., Utebayeva, D., Smailov, N., Matson, E. T., Tashtay, Y. et al. (2025). LiDAR Technology for UAV Detection: From Fundamentals and Operational Principles to Advanced Detection and Classification Techniques. Sensors, 25 (9), 2757. https://doi.org/10.3390/s25092757

			14.	Hosamo, H. H., Rolfsen, C. N., Zeka, F., Sandbeck, S., Said, S., Sætre, M. A. (2024). Navigating the Adoption of 5D Building Information Modeling: Insights from Norway. Infrastructures, 9 (4), 75. https://doi.org/10.3390/infrastructures9040075

			15.	Tebourbi, H., Nouzri, S., Mualla, Y., El Fatimi, M., Najjar, A., Abbas-Turki, A., ­Dridi, M. (2025). BPMN-Based Design of Multi-Agent Systems: Personalized Language Learning Workflow Automation with RAG-Enhanced Knowledge Access. Information, 16 (9), 809. https://doi.org/10.3390/info16090809

			16.	Cherniavska, T., Cherniavskyi, B. (2024). Architecture-oriented agent-based model (AOAM) for optimizing transport evacuation management and emergency medical assistance in the context of the war in Ukraine: challenges and prospects. CEUR Workshop Proceedings. Available at: https://ceur-ws.org/­Vol-3892/paper21.pdf

			17.	Harclerode, M., Ridsdale, D. R., Darmendrail, D., Bardos, P., Alexandrescu, F., Nathanail, P. et al. (2015). Integrating the Social Dimension in Remediation Decision-Making: State of the Practice and Way Forward. Remediation Journal, 26 (1), 11–42. https://doi.org/10.1002/rem.21447

			18.	Berg, C. (2024). Interoperability. Internet Policy Review, 13 (2). https://doi.org/10.14763/2024.2.1749

			19.	Gomes Correia, A., Winter, M. G., Puppala, A. J. (2016). A review of sustainable approaches in transport infrastructure geotechnics. Transportation Geotechnics, 7, 21–28. https://doi.org/10.1016/j.trgeo.2016.03.003

			20.	The new Genova San Giorgio Viaduct. Elegance, Innovation, Resilience. Implemented Solutions (2022). Gruppo FS Italiane. Available at: https://www.italferr.it/en/technology-and-innovation/BIM/design/genoa-san-giorgio-viaduct.html

		
		
			CHAPTER 4

			From pattern recognition to remediation management in a closed digital loop architecture for post-war logistics

			Tetiana Cherniavska, Bohdan Cherniavskyi, Alla Rusnak, Iryna Nadtochii, Artur Harahulia, Oleksii Bobrovskyi

			Abstract

			The chapter provides an in-depth study of the problem of transition from dig­ital diagnostics to executable management in the tasks of implementing remediation processes in areas affected by emergency events, including those of a military nature, where the effectiveness of recovery measures is largely determined by the quality of logistical coordination, the accessibility of infrastructure facilities, and the speed of managerial decision-making. Remediation in this study is interpreted as a complex, multidimensional process that includes the elimination of the consequences of war-related destruction and various kinds of contamination of soil, water, and air, the restoration of the spatial connectedness of territories, the provision of safe access, as well as the implementation of environmental, infrastructural, and socio-economic measures of post-crisis recovery. Against this background, the necessity is substantiated of transitioning from the fragmented use of digital tools to an integrated management architecture ensuring a closed cycle of "observation – recog­nition – geospatial diagnostics – decision – execution – verification – adaptation". As a conceptual foundation, the architecture of the Closed Digital Diagnostic Loop for Remediation Logistics is proposed, in which the Pattern Recognition block is not an autonomous analytical module, but acts as a source of diagnostic events forming inputs for geospatial integration, decision support systems, and simultaneous ­process orchestration. The central element of the architecture is the Decision & Orchestration Core (DSS (Decision Support System) + BPMN (Business Process Model and Notation)/CPM (Critical Path Method)) linkage, which ensures the ­transformation of the results of recognition and geospatial diagnostics into executable managerial actions in the logistics of remediation operations, including, among other things, task prioritization, resource allocation, as well as schedule planning and control of the sequence of the work being performed. Separately, the monograph reveals the role of AR/VR (Augmented Reality/Virtual Reality) and Human-in-the-Loop mechanisms as an end-to-end HMI layer, which ensure the interpretation of diagnostic results, the coordination of decisions between levels of management, as well as support for the field implementation and verification of measures.

			This study has a conceptual-methodological character and is aimed at substantiating the architectural integration of observation technologies, pattern recognition, GIS (Geographic Information System), DSS, BPMN/CPM, and HMI (Human – Machine Interface) mechanisms within a unified diagnostic-managerial loop for the implementation of a complex of multidirectional tasks of post-war remediation logistics. The proposed authorial concept creates a methodological basis for the further formalization of the rules of transition from diagnostic events to managerial actions, the development of domain orchestration profiles, and subsequent scenario-based as well as empirical validation under conditions of post-crisis recovery. The monograph considers transport and logistics as the central applied profile, because it is precisely there that the diagnostics → orchestration → execution linkage is most critical, and also because they are critical subsystems through which the managerial mechanism for eliminating the consequences of emergency events and subsequent remediation is implemented. However, the concept substantiated by the authors has a broader scope of applicability, namely: the elimination of emergency events not only of a post-conflict, but also of a natural as well as technogenic nature in all spheres of the socio-economic system, and the remediation of territories as a whole.
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			4.1 Introduction

			It should be noted that the unprecedented scale of destruction and the duration of military activity of a hybrid nature in Ukraine have caused systemic destruction, affected and destructively influenced not only the physical infrastructure, but also the ecological condition of territories, production chains, the socio-economic ­connectedness of regions and, as a consequence, the possibilities of rapid recovery. As the damage increases, it becomes obvious that post-war recovery cannot be considered exclusively as a construction and/or engineering task: it requires an integrated managerial approach capable of linking into a single whole the diagnostics of damage of various kinds, risk assessment and forecasting, the algorithmization of remediation and recovery works, their spatial, technical, and resource planning, as well as the logistical coordination and control of the execution of adopted managerial decisions.

			In this context, the remediation of affected territories acquires special significance, understood by the authors as a set of measures differing in the nature of ­execution, aimed at eliminating the consequences of war-related destruction and contamination, restoring safe access to objects and territories, ecological stabilization, and creating conditions for socio-economic reintegration.

			In the monographic study, the focus of attention is concentrated on transport and logistics; however, the conceptual idea of implementing remediation on the basis of an integrated management architecture ensuring a closed cycle of "observation – recognition – geospatial diagnostics – decision – execution – verification – adaptation" is absolutely applicable to other sectors of the national economy as well. In scientific publications devoted to the topics of humanitarian logistics and resilience, it is consistently emphasized that the effectiveness of restoration and remediation is largely determined by the quality of logistics coordination, digital integration, and the adaptability of decisions [1–4].

			Thus, according to the authors' conviction, transport and logistics in this system simultaneously perform two roles at once: on the one hand, as an object of recovery (including, among other things, the necessity of reconstruction and remediation of destroyed roads, bridges, hubs, seaports and river ports, airports, railway network facilities) and, on the other hand, as an instrument for the implementation of remediation measures (in this case, this refers to the delivery of resources, the mobilization of equipment, ensuring access to intervention zones, supporting interagency coordination at all levels, etc.). It is precisely for this reason that the transport-logistics system is justifiably considered in this monograph as a critical contour of post-war recovery, on the effectiveness of which depend the speed of work execution, the safety of operations, and the attainability of the target results of remediation, reconstruction, and recovery. Along with this, one should take into account the fact that under conditions of resource scarcity, as well as the spatial heterogeneity of damage, taking into consideration their different character and the high dynamics of the situation, the key factor becomes not only the availability of data on the condition of objects and territories, but also the ability to quickly transform these data into executable managerial actions.

			The relevance of such a conceptual approach is also confirmed by the scale of the losses accumulated since the beginning of the war. Thus, according to the ­updated joint assessments of the Ukrainian government, the World Bank, the ­European Commission, and the UN (RDNA), the total cost of the recovery and reconstruction of Ukraine continues to grow: the estimate amounting to 486 billion USD in RDNA3 (as of the end of 2023) was increased to 524 billion USD in RDNA4 (as of the end of 2024), and in the update published on February 23, 2026 (RDNA5, covering the period up to December 2025), the aggregate needs for remediation, reconstruction, and recovery are already estimated at approximately 588 billion USD, while direct damage exceeds 195 billion USD. Among the most affected sectors are the housing sector, transport, and energy [5–9]. All of the above-listed data indicate that post-war recovery cannot be built on point-based, fragmented solutions; the foundation of such recovery must be an architecturally organized digital management loop that will make it possible to ensure prioritization and adaptive reallocation of resources under conditions of an updated situation.

			Despite the active development of digital tools for monitoring, damage mapping, and decision support, in the practice of eliminating the consequences of emergencies and post-crisis remediation, a substantial gap remains between the stages of observation, diagnostics, and the execution of managerial decisions. Observation systems (including UAVs (Unmanned Aerial Vehicle), satellite data, thermal and multispectral imaging) are capable of ensuring the operational collection of information; however, by themselves they do not form managerial actions. Methods of pattern recognition and intelligent analytics make it possible to identify damage, risk zones, and changes of condition, but their results often remain at the level of cartographic or reporting interpretation [10, 11]. GIS and DSS strengthen the spatial and analytical component; however, without formalized process orchestration and mechanisms for execution control, they do not ensure the completeness of the managerial cycle. As a result, the managerial loop proves to be broken, while the speed and quality of decisions are reduced precisely under those conditions where the cost of error and delay is maximally high.

			In the present study, a conceptual-methodological solution to the indicated problem is proposed on the basis of the architecture of a closed digital diagnostic-managerial loop for the remediation logistics of post-war recovery. The key idea consists in the transition from pattern recognition to remediation management through a formalized mechanism for translating diagnostic events into executable tasks, ­scenarios, and processes. In contrast to approaches in which the Pattern Recognition block is considered as an autonomous analytical module, in this work it is conceptualized as a source of diagnostic events and confidence/uncertainty assessments, integrated into the geospatial layer and further transformed into managerial actions.

			The main element of the proposed architecture is the Decision & Orchestration Core (DSS + BPMN/CPM), ensuring the prioritization of remediation tasks, the planning of resources and timeframes, the formalization of the sequence of operations, and execution control under conditions of a changing situation. Such a core makes it possible to connect digital diagnostics with the process implementation of decisions, thereby forming an executable managerial loop rather than a set of disparate digital tools. Additionally, the study expands the role of AR/VR and Human-in-the-Loop mechanisms, which are considered not as auxiliary visualization, but as an end-to-end HMI layer of interpretation, coordination, field support, and verification of decisions at all phases of the loop.

			It should be emphasized that the proposed architecture has a broader horizon of applicability and may be used for the tasks of eliminating the consequences of emergency situations of a natural, technogenic, and military nature, as well as for the post-crisis remediation of territories in various domains. At the same time, in this work the transport-logistics sphere is considered as the priority implementation profile, since it is precisely in it that the necessity of a rapid and reliable transition from diagnostic data to managerial action is manifested most clearly [12]. This makes it possible simultaneously to preserve the interdisciplinary scale of the concept and to ensure its subject-specific focus on tasks of high practical significance.

			The purpose of the study is to substantiate and structure the concept of the Closed Digital Diagnostic Loop for Remediation Logistics, in which the results of observation and pattern recognition are transformed into executable managerial decisions through the integration of GIS, DSS, BPMN/CPM, and an end-to-end HMI layer. Within the framework of this purpose, emphasis is placed on the architectural in­tegrity of the loop, the logic of the transition from diagnostics to process orchestration, as well as on determining the directions and prospects of practical application [13, 14].

			To achieve the stated purpose, the following tasks are solved in the work: clarification of the subject field of research at the intersection of the elimination of the consequences of emergency situations (of a natural, technogenic, and military nature), post-crisis recovery, and remediation logistics, with substantiation of the transport-logistics sphere as the priority domain for implementation of the concept; substantiation of the necessity for and development of the conceptual architecture of a closed digital diagnostic-managerial loop (Closed Digital Diagnostic Loop) for post-war remediation logistics, including interrelated functional blocks of observation, recognition, geospatial integration, decision orchestration, execution monitoring, and feedback; determination of the role of the Pattern Recognition block and geospatial diagnostics as a source of diagnostic events (including confidence/­uncertainty assessments) forming inputs for the managerial core and ensuring the transition from data analysis to decision-making; disclosure of the role of AR/VR and Human-in-the-Loop mechanisms as an end-to-end HMI layer and determination of the prospects for scaling the proposed architecture to a wider range of tasks of eliminating the consequences of emergency situations and the remediation of territories, including the formation of domain profiles for further research [14].

			4.2 Degree of study of the problem and research gaps in the field of digital diagnostics and management of remediation logistics

			First of all, it should be noted that the problematics of digital management of the elimination of the consequences of emergency situations (ES) and post-crisis recovery have been developing rapidly in recent years; however, predominantly along separate directions: process management, geographic information systems, artificial intelligence, decision support systems, platform-based data integration, and visualization. The scientific exploration by the authors of the problematics under study revealed the following. Thus, such aspects as the following are covered in open sources quite deeply and broadly:

			– the use of remote sensing, satellite data/UAV for crisis monitoring and damage mapping. For the tasks of recognition/segmentation/classification in the post-­disaster environment, there already exist high-quality datasets and an established scientific base. In particular, RescueNet offers high-resolution UAV images with annotations for classification and semantic segmentation, specifically ­oriented toward damage assessment after disasters [15]. This constitutes a weighty argument in favor of the fact that the transition to pattern recognition proposed in this study is not an artificial "expansion of the topic", but relies on the already established empirical and methodological base of CV/remote sensing for crisis tasks;

			– the application of deep learning/pattern recognition for the purposes of detection, segmentation, damage assessment, and change detection in the disaster context;

			– the use of AI in disaster management. Contemporary reviews show that AI is applied for forecasting, risk assessment, evacuation planning, resource allocation, and big data analysis, but also emphasize the problems of trustworthiness, bias, explainability, and integration into real decision-making loops [16]. This creates a strong foundation for the Pattern Recognition & Diagnostic Analytics block in your architecture, but simultaneously indicates the necessity of a separate mechanism for transforming recognized patterns into managerial actions;

			– the application of GIS/Web-GIS platforms as a basis for integrating observations and modeling for the purpose of making effective decisions. Thus, a separate cluster of studies on GIS and WebGIS in risk and emergency management is well developed. For example, the RiverCure Portal demonstrates that a Web-GIS platform can combine observations, modeling, the work of different organizations, and decision support at various stages of the risk management cycle (preparedness, operational response, risk assessment), including data assimilation and a multi-stakeholder configuration [17]. This is especially valuable for our concept, because geospatial integration in it must perform not a decorative, but a diagnostic-operational function (risk layers, accessibility, constraints);

			– the advantages of BPMN and workflow approaches for formalizing emer­gency/disaster response processes [18]. Thus, in the works of Betke and co-authors, ­methodological extensions of BPMN for disaster response processes are discussed, which confirms the scientific viability of process modeling in the crisis sphere;

			– the features of adaptive workflow execution in emergency response (including for run-time reconfiguration, execution engines);

			– CPM in individual tasks of crisis management, including the elimination of the consequences of emergency situations, as well as the planning of remediation operations and emergency logistics. Thus, CPM has long been established in project management as a tool for identifying the critical sequence of works, task dependencies, and schedule control. In modern interpretations, its role as a communication and management tool for complex projects, and not only a computational mechanism, is emphasized [19]. For remediation logistics, this is directly relevant, since time delays at critical nodes (routes, access to facilities, infrastructure recovery) rapidly scale risks and cost;

			– the application of integrated platforms (BIM/GIS/IoT/monitoring) and visualization in humanitarian logistics and crisis management for situational awareness and support of managerial decisions. Contemporary platform solutions already demonstrate the value of integrating GIS, BIM, and real-time monitoring for multi-hazard response and post-disaster recovery. Thus, for example, in the work of C. Hong et al., an open platform with GIS/BIM integration, real-time monitoring, ­visualization, and even a VR component for training/experience functions was investigated. This confirms the practical feasibility of a multilayer digital architecture as a whole [20].

			Separately, it should be noted that, in the remediation direction, a significant body of scientific research is presented (including that of the authors of this monograph), which is devoted to contaminated sites, brownfields, and the selection of cleanup/recovery technologies, including DSS and MCDA (Multi-Criteria Decision Analysis) approaches [21]. At the same time, reviews on DSS for brownfield/contaminated land management emphasize the importance of integrating disciplines and supporting complex decisions, but, as a rule, do not proceed to the process orchestration of large-scale post-conflict logistical operations. It is precisely in this that the subject shift in contemporary research consists, namely, the comprehensive transdisciplinary study of the problematics of remediation + logistics + post-war recovery + digital orchestration.

			Thus, the problematics of digital management of the elimination of the consequences of emergency situations (ES) and post-crisis recovery have been developing rapidly in recent years; however, predominantly along separate directions: process management, geographic information systems, artificial intelligence, decision support systems, platform-based data integration, and visualization.

			Along with this, the authors of the monograph established the fact that much less frequently mentioned in publications is a unified architecture applied (or proposed for use), where:

			– pattern recognition forms diagnostic events with confidence/uncertainty;

			– while they would be translated into GIS layers;

			– then into executable managerial actions through DSS + BPMN/CPM;

			– with an execution and feedback loop;

			– and with an end-to-end HMI layer of AR/VR + Human-in-the-Loop.

			According to the vision of the authors of this study, the hypothesis that precisely such a linkage for remediation logistics (especially in the post-war context) appears reasonably relevant and may be positioned as an architectural-methodological novelty.

			In contrast to works considering pattern recognition, GIS platforms, workflow modeling, and AR/VR support predominantly as separate or weakly connected tools, this study proposes an integrated architecture of a closed digital diagnostic-managerial loop of remediation logistics. In it, the results of Pattern Recognition and geospatial diagnostics are formalized in the form of diagnostic events and, through the Decision & Orchestration Core (DSS + BPMN/CPM), are transformed into executable managerial actions with a verification loop and adaptive feedback, under end-to-end support of AR/VR and Human-in-the-Loop mechanisms.

			Based on the analysis of the literature, the following research gaps can be identified:

			– the architectural gap, which is manifested in the absence of a sufficiently clearly formalized concept of a closed digital diagnostic-managerial loop that organically unites surveillance → pattern recognition → geospatial integration → orchestration core → execution monitoring → feedback learning into a unified logical system for remediation logistics;

			– the operational gap, characterized by the fact that in most studies the mechanism for transforming recognition results (namely: detection/segmentation/classification/change detection) into executable managerial actions is insufficiently disclosed, taking into account the priorities of remediation tasks, the timeframes of their execution, the availability of necessary resources, and interagency coordination;

			– the interface gap (HMI gap). Thus, AR/VR and Human-in-the-Loop mechanisms are rarely described as an end-to-end layer that ensures the interpretation, coordination, and verification of decisions between analytics, management, and field execution;

			– the domain-applied gap. Thus, it should be recognized that there exists a deficit of publications in which the logic of process orchestration (BPMN/CPM) and digital diagnostics is systemically adapted precisely to post-war remediation logistics, and not only to natural disasters, industrial facilities, or individual contaminated sites.

			4.3 Materials and methods of the study

			The authors emphasize that the present study has a conceptual-methodological character and is aimed at developing the architecture of a closed digital diagnostic-managerial loop for post-war remediation logistics, rather than at the empirical validation of a specific software prototype.

			The methodological basis of the study was formed on the basis of systemic, comprehensive, and integrative approaches. The systemic approach in the monograph was used for the in-depth study of remediation logistics as a multicomponent managerial system, including observation, diagnostics, geospatial interpretation, decision-making, execution, verification, and feedback. In the context of the problematics under study, the comprehensive approach allowed to take into account the interdisciplinary character of the subject field, uniting the tasks of eliminating the consequences of emergency situations, including the post-war recovery of territories (as is the case with Ukraine), transport-logistical support, and digital management. The integrative approach was applied by the authors' collective of this monographic study for the synthesis of heterogeneous technological and methodological components into a unified architectural framework oriented toward the transition from digital diagnostics to executable managerial actions.

			As the basic analytical method, an analysis of the degree of study of the problem and a comparative analysis of publications in the following directions were used: surveillance systems, pattern recognition, GIS/DSS, process/workflow orchestration, BPMN, CPM, AR/VR, and Human-in-the-Loop in the context of emergency situations, post-disaster recovery, and remediation. On the basis of the conducted analy­sis, the identification of research gaps between the existing solutions in the field of digital diagnostics and the tasks of process-managerial implementation of adopted managerial decisions was carried out. The results of the literature analysis served as the basis for formulating the research hypothesis about the necessity of a closed digital diagnostic-managerial loop as an integrated architecture for the management of remediation logistics.

			The key method of concept construction was architectural-conceptual modeling, which was focused on the formalization of the structure and logic of interaction of the functional blocks of the system. At this stage of the study, the authors of the monograph used the functional decomposition of the initial extended structure with the subsequent optimization of interconnected macro-blocks: collection of observation data, recognition and diagnostic analytics, geospatial integration, decision-making and orchestration core, execution monitoring and verification, feedback, and adaptive refinement. The authors made an attempt, with the help of decomposition analysis, to optimize as much as possible and, along with this, to reduce structural redundancy, as well as to increase the conceptual clarity of the architecture without loss of substantive completeness.

			For the formalization of the managerial component, the authors' collective used a process-oriented approach relying on Business Process Model and Notation (BPMN) as a tool for structuring, orchestration, and control of the sequence of actions in remediation logistics. BPMN in the study is considered not only as a language of visual description of processes, but also as a basis for building the executable logic of interaction of all participants at different levels of the management system, the algorithm for task execution, and the determination of control points. In addition to this, the critical path method (CPM) was applied for the purpose of conceptualizing the temporal structure of works, dependencies between the performed tasks, critical nodes, and constraints in terms of established deadlines and actually available resources under conditions of the prevailing scarcity of post-war recovery.

			Methods of geospatial integration (GIS) and decision support systems (DSS) were also included in the research framework as tools for the operationalization of recognition results in the management space. Within the framework of conceptual modeling, GIS was used for the representation of georeferenced diagnostic events, risk zones, access constraints, as well as the identification of damage layers and routing parameters. DSS was applied by the authors as a mechanism of multicriteria prioritization and selection of managerial alternatives, taking into account resource scarcity, temporal constraints, and the constantly changing situation. Artificial intelligence (AI) technologies, including pattern recognition, are considered in this monograph as a source of diagnostic events and confidence/uncertainty assessments, which are necessary for launching and adapting the managerial loop.

			A separate methodological significance is held by the conceptualization of AR/VR and Human-in-the-Loop mechanisms as an end-to-end HMI layer. For this purpose, the monograph used the approach of functional mapping of the roles of AR/VR/HITL across the phases of the loop, namely: interpretation of diagnostics, coordination of decisions, support of execution, verification, and learning (Fig. 4.1). As a result, this made it possible to avoid their reduction to exclusively visualization means and instruments. Ultimately, such an approach ensured a more rigorous integration of human-machine interaction into the management architecture and strengthened the substantiation of the scientific novelty proposed in the monograph.
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			Fig. 4.1 Closed digital diagnostic loop for remediation logistics with a Decision & Orchestration Core

			

			In addition to the above-described methodological techniques, the method of logical synthesis was also applied for the purpose of constructing the transition from diagnostic events to executable managerial actions (the diagnostics-to-action logic) within the framework of the Decision & Orchestration Core (DSS + BPMN/CPM). On this basis, a conceptual model of a closed digital diagnostic-managerial loop for post-war remediation logistics was formed, with the identification of a dual-loop core and domain-specific profiles of further development.

			Thus, the totality of the materials and methods used in the monograph provides a sufficient methodological basis for substantiating the proposed architecture and formulating the tasks of its subsequent scenario-based and empirical validation in the authors' further studies.

			4.4 Conceptual architecture of the closed digital diagnostic-managerial loop

			First of all, it should be noted that this study is a continuation of the in-depth study published earlier, namely on APRe-TISRM, in which the authors proposed [21]:

			– the S&D → BIM/DT → 4D/5D + BPMN → execution → post-monitoring loop;

			– the role of Surveillance & Diagnostics;

			– pattern/image recognition;

			– Human-in-the-Loop;

			– gates (Confidence/Eco/Safety/Audit);

			– the translation of observation/recognition results into manageable actions.

			That is, the authors fundamentally laid down: the diagnostic input, the semantic core, the orchestration of processes, as well as the execution and feedback loop. This study makes the next step, namely: it conceptualizes the closed digital diagnostic-managerial loop, strengthens the role of Pattern Recognition as part of the architecture, and introduces AR/VR as a cross-cutting HMI layer. Thus, this is a deepening of the architectural decomposition. It is very important to emphasize that BIM/DT and AR/VR in the logic of the study are not mutually exclusive technologies, but orthogonal and complementary ones. Thus, BIM/DT is responsible for semantic/operational state representation, and AR/VR is responsible for human-centered decision interaction and execution support.

			One of the key tasks of the authors is the reflection of a logical scientific evolution:

			1. Stage 1 (BIM/DT-oriented remediation): creation of the semantic-­operational architecture of APRe-TISRM, metrics, interoperability, BOR-index, the S&D → → BIM/DT → Ops linkage.

			2. Stage 2 (Pattern recognition → remediation management in closed loop):

			– expansion to a closed diagnostic-managerial loop with the explicit identification of:

			a) PR analytics block;

			b) geospatial diagnostic integration;

			c) Decision & Orchestration Core;

			d) execution monitoring;

			e) feedback learning;

			f) AR/VR + HITL HMI layer (Fig. 4.2).
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			Fig. 4.2 Conceptual model of the closed digital diagnostic-managerial loop for remediation logistics: from pattern recognition to the orchestration and execution of decisions

			

			It is absolutely logical that, as a result, an expansion of the research horizon occurred, a shift of emphasis from the object-semantic and interoperable architecture (BIM/DT) to the human-machine and process-orchestration layer (AR/VR + + HITL + DSS/BPMN/CPM), while preserving BIM/DT as an important element of the integrated architecture.

			It is fundamentally important to note that this study does not cancel the BIM/DT-oriented model, but develops it in the direction of adaptive architectural reconfigurability and expands the functional loop through the HMI layer (AR/VR + HITL), ensuring cognitive and operational connectedness.

			For greater understanding of the scientific position of the authors, it is proposed a decomposition of the general architecture with the identification of a dual-loop core:

			1. Loop 1 (semantic-operational) is responsible for:

			– representation of the state of objects/territories;

			– geospatial referencing;

			– traceability of state and changes;

			– coordination of digital entities and field observations.

			2. Loop 2 (decision orchestration) is responsible for:

			– prioritization;

			– planning of resources/timeframes;

			– formation of executable tasks;

			– workflow management and execution control.

			It is precisely the dual-loop core that best explains reconfigurability:

			– recognition algorithms can be changed without breaking the traceability loop;

			– the orchestration logic (BPMN/CPM/DSS) can be changed without breaking the BIM/DT/GIS state model;

			– the HMI (AR/VR/HITL) can be strengthened without changing the fundamental data semantics;

			– components can be switched on/off depending on the type of emergency situation and the phase of works.

			That is, reconfigurability becomes a formally substantiated property. Within the framework of the study, reconfigurability is considered as a systemic property of the loop, ensuring the controlled restructuring of diagnostic, geospatial, orchestration, and HMI components without loss of the integrity of the logic of decision-making and execution.

			For the purpose of clarifying the boundaries of applicability of the architecture, it is expedient to distinguish three modes of its configuration: 

			– BIM/DT-centric mode (for the management of individual infrastructure objects, where the semantic-­operational layer dominates); 

			– loop-centric orchestration mode (for territorial multi-actor remediation logistics, where the central role is played by the DSS + BPMN/CPM core);

			– hybrid mode (BIM/DT + loop + AR/VR/HITL) for complex post-crisis and post-war scenarios (Fig. 4.3).

			Such differentiation confirms that differences in technological emphases reflect not a contradiction of approaches, but a manifestation of the adaptive architectural reconfigurability of a unified diagnostic-managerial loop.
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			Fig. 4.3 Dual-core architecture of the closed digital diagnostic-managerial loop for remediation logistics: semantic-operational core, orchestration core, and cross-cutting HMI layer

			

			The representation of the extended architecture in the form of a formalized model with a dual-loop nature of the core is logical and methodologically expedient, since it makes it possible to eliminate the contradiction concerning the relationship between BIM/DT, GIS, data-state traceability, and the decision orchestration core (DSS + BPMN/CPM). Such an approach demonstrates that the indicated components do not compete with each other, but form functionally distinguishable, yet ­interrelated levels of a unified system: the semantic-operational layer ensures state representation, geospatial referencing, and the traceability of changes, whereas the decision orchestration core transforms diagnostic results into executable ­actions taking into account timeframes, resources, and workflow constraints. In this architecture, AR/VR + Human-in-the-Loop mechanisms are naturally interpreted as a cross-cutting HMI layer ensuring cognitive and operational connectedness between diagnostics, management, and execution. Formalization in such a formulation also strengthens the substantiation of the property of adaptive architectural reconfigurability, making it possible to describe the change in the configuration of the loop depending on the type of emergency situation, the recovery stage, and the quality of available data.

			Summarizing all of the above-presented, it should be noted that the previous and the present studies may be presented as consecutive stages in the development of a unified concept of digital management of the elimination of the consequences of emergency situations and the remediation of territories, where the first work lays the BIM/DT-oriented foundation of reengineering and traceability, and the second one (that is, the present study) expands the architecture to a closed diagnostic-managerial loop with an emphasis on pattern recognition, orchestration, and human-centered execution support.

			From a qualitative perspective, the proposed approach differs in that it integrates previously fragmented components (Pattern Recognition, GIS, DSS, BPMN/CPM, as well as AR/VR and Human-in-the-Loop mechanisms) into a unified closed management architecture. The proposed dual-core model, combining the semantic-operational layer and the decision and orchestration core, ensures structural flexibility and allows adaptive reconfiguration of the system without compromising its integrity. At the same time, the cross-cutting HMI layer enhances cognitive, coordination, and operational connectedness between the stages of diagnostics, decision-making, and execution. As a result, the approach enables not only data analysis but also its consistent transformation into executable and verifiable managerial actions, which fundamentally distinguishes the proposed architecture from fragmented digital solutions.

			4.5 Metric representation of the closed loop and measurement of the synergy of the dual-loop core

			After substantiating the conceptual architecture of the closed digital diagnostic-managerial loop, there arises a necessity to move from structural description to the presentation of its measurable effects and mechanisms of practical implementability. For this purpose, the authors introduce a metric representation of the "diagnosis-to-action-to-verification" cycle and indicators that will make it possible to quantitatively capture the degree of closure of the loop, as well as the synergy of the dual-loop core through traceability closure. Such an evaluative framework makes it possible to set criteria by which the managerial effectiveness of the integration of the semantic-operational layer and the decision orchestration core may be interpreted, moreover, in different configuration modes.

			The authors of the study decided to form a step-by-step metric scheme coordinated with the structure of the loop and its dual-loop core (Table 4.1).

			At the first stage, the recognition system forms a flow of diagnostic events on the basis of observation data and simultaneously evaluates the degree of their reliability. This makes it possible to create the initial informational basis for making subsequent managerial decisions. At the second stage, diagnostic events are transformed into specific executable tasks, each of which receives resource, temporal, and process formalization and constraint. In other words, a transition takes place from the identification of a problem to the formation of an optimal action plan. At the third stage, control and confirmation of the actual implementation of the tasks set earlier are carried out. However, it should be especially emphasized that, for the full closure of the managerial cycle, it is not sufficient merely to confirm their execution. Along with this, it is also necessary to record the proven change in the state of objects, territories, or affected sites in the semantic-operational environment. It is precisely this stage that completes the full cycle "diagnostics – action – verification – state updating" and makes management truly closed.

			It is fundamentally important that such a result is possible only through the joint operation of the two parts of the architecture. In the proposed configuration, the first is responsible for translating diagnostic data into managerial actions, while the second is responsible for the recording, updating, and traceability of the state after the execution of the complex of remediation works. Therefore, synergy is manifested not simply in the execution of a set of tasks differing in character, but in the ability of the system to bring diagnostic events to a confirmed and traceable result. In this context, it should be emphasized that, in order to assess the effect of such integration, it will be expedient to compare different modes of operation of the architecture, namely: with the predominance of the semantic-operational loop, with the predominance of the decision orchestration loop, as well as in a hybrid configuration. The synergistic effect will be considered achieved only in the case when the joint operation of the two loops ensures a more complete and evidentiary completion of the managerial cycle, in comparison with the operation of each of them separately. This approach makes it possible to connect the conceptual architecture directly with the practical assessment of its operation and creates a basis for further empirical and simulation-based verification in the tasks of remediation and post-crisis recovery (and not only in the transport-logistics sphere).

			

				
					
							
							Table 4.1 Step-by-step metric representation of the closed loop and measurement of the synergy of the dual-loop core

						
					

					
							
							No.

						
							
							Loop step (structural)

						
							
							Formalized object/set

						
							
							Metric/calculated Indicator

						
							
							Functional meaning/application

						
					

					
							
							1

						
							
							PR generates diagnostic events and uncertainty

						
							
							DT, (N_{diag}=

						
							
							Let RT – be the initial flow of "raw" diagnostic triggers from Pattern Recognition/Digital Diagnostics over period T (detections, segmentations, change detection, etc.). Each trigger r ∈ RT has a minimal set of attributes

							r = <t, g, c, p, u, s>,

							where t – time (timestamp); g – geolocation (specific place/polygon/object); c – class/type of event (damage/contamination/blockage/change, etc.); p ∈ [0,1] – confidence; u ∈ [0,1] – uncertainty; s ≥ 0 – severity/impact score (importance/severity; may be from model, DSS, or rules). It is expedient to introduce a rule of "managerial significance"
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							where τp, τu, τs – thresholds (may be fixed or reconfigurable by modes)

						
							
							Pattern Recognition/Digital Diagnostics forms events di with attributes: t, g, type, conf/unc

						
					

					
							
							2

						
							
							Core transforms events into tasks

						
							
							AT, (N_{act}=

						
							
							Let AT – be the set of executable remediation-workflow tasks created by the decision orchestration core (DSS + BPMN/CPM) over period T as a managerial response to diagnostic events. Each task a ∈ AT is described by the minimal attribute set

							a = <id, tc, g, θ, π, k, ρ, σ>,

							where id – task identifier; tc – creation timestamp; g – geolocation/object (site/asset); θ – task type (inspection/clearance/repair/remediation/logistics delivery/etc.); π – priority; k – criticality/risk; ρ – resource requirements (skills/equipment/materials); σ – status (created/assigned/in-progress/completed/verified/rejected). Optimized metric Nact:
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							Decision & Orchestration Core (DSS + BPMN/CPM) applies prioritization rules as well as orchestration and creates workflow tasks

						
					

					
							
							3

						
							
							Execution monitoring confirms completion

						
							
							VT, (N_{ver}=

						
							
							Verified tasks (confirmed execution)
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							Number of verified tasks
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							Verification ratio
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							or
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							Execution Monitoring/Verification records the fact of the implementation of remediation tasks and their compliance with requirements

						
					

					
							
							4

						
							
							SO-layer records state updates

						
							
							TT, (N_{tr}=

						
							
							Traceability state updates (as-is → as-done/as-remediated) 
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							Number of confirmed traceability updates
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							Semantic-Operational layer (BIM/DT + GIS + traceability) records the update "as-is → → as-done/as-remediated" (evidentiary traceability)

						
					

					
							
							5

						
							
							Assessment of closure quality via traceability

						
							
							TR

						
							
							Traceability ratio

							[image: ]

						
							
							Shows maturity of integration: how many verified works result in evidentiary state updates (audit, reporting, quality management)

						
					

					
							
							6

						
							
							Interpretation of dual-core synergy

						
							
							–

						
							
							Metric representation of synergy via
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							and TR:
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							The indicators capture the share of diagnostic events that ended with an evidentiary state update (traceability), and the share of verified works anchored in the semantic-operational loop. Therefore, it is precisely they that are the most direct metrics of the synergy of the dual-loop core

						
					

					
							
							7

						
							
							Mode-based comparison (SO/DO/Hybrid)
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							Synergistic increment
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							Shows measurable "added" integration effect: hybrid mode provides more complete traceability closure compared to dominance of a single loop

						
					

				
			


			From a quantitative perspective, the proposed architecture introduces a metric framework that enables the evaluation of not individual analytical stages, but the full cycle "diagnosis – decision – execution – verification – state update". In particular, it allows measuring the proportion of diagnostic events transformed into executable managerial actions, successfully verified, and completed with evidence-based and traceable state updates. This makes it possible to quantitatively identify gaps between analytics, orchestration, and execution, as well as to provide a basis for comparing different architectural configurations and evaluating the synergistic effect of their integration.

			4.6 Expansion of the role of AR/VR and Human-in-the-Loop mechanisms in the architecture of the closed digital diagnostic-managerial loop

			Within the framework of the proposed concept of a closed digital diagnostic-managerial loop, it is expedient to reconsider the traditional role of AR/VR technologies and Human-in-the-Loop (HITL) mechanisms, shifting the emphasis from their auxiliary visualization function, which is traditionally highlighted in the scientific literature, to a systemically significant level of the human-machine interface (HMI-layer). Thus, in the predominant majority of applied solutions, AR/VR are used mainly as means of representing the actual situation in cases of personnel training or demonstration of scenario development; however, under conditions of eliminating the consequences of emergency situations and implementing remediation measures, such an approach is insufficiently studied and covered. This is due to the fact that the key problem of modern practice lies not only in the lack of data, but also in the gap between digital diagnostics, managerial interpretation, and the execution of planned decisions in field conditions. In this regard, AR/VR and HITL, according to the authors of the monograph, should be considered as a cross-cutting layer that will ensure the cognitive connectedness of the loop "observation – recognition – geospatial diagnostics – decision – execution – verification – adaptation". The expansion of the functional role horizon as a whole is driven by the necessity of reducing the risks of erroneous interpretation of recognition results, increasing the consistency of multi-level management and coordination, as well as ensuring a verifiable transition from diagnostic events to effectively managed actions. Thus, AR/VR and HITL acquire the status not of peripheral technologies, but of an architecturally embedded mechanism for increasing the reliability and adaptability of the management of the elimination of the consequences of emergency events.

			At the phase of surveillance and pattern recognition, the cross-cutting HMI layer provides interpretative support for the results of intelligent diagnostics, including visual identification of detected damage to objects, risk zones, as well as the scale of required interventions, and also the recording of changes in the state of the remediation object taking into account confidence/uncertainty assessments. At this phase, HITL mechanisms perform the function of expert validation of critically significant or low-reliability diagnostic events, thereby making it possible to minimize the probability of the transition of false-positive or false-negative results into the managerial loop. At the phase of geospatial integration (GIS/DSS), AR/VR and HITL support the coordination of the spatial context of decisions, namely: visual analysis of access constraints, priority intervention zones, as well as alternative routes for the delivery of various types of resources and the scenario consequences of a specific choice. In this context, VR acquires particular importance as an environment for scenario modeling and collective examination of alternative decisions in the what-if analysis mode, as well as a tool for interagency cooperation and coordination of efforts at the phase of project analysis and before the beginning of field implementation of remediation/reconstruction/recovery works. At the phase of the Decision & Orchestration Core (DSS + BPMN/CPM), HITL mechanisms ensure the controlled inclusion of an expert in the process of making specific decisions where confirmation of the level of safety, prioritization, change of the sequence of remediation tasks, redistribution of resources, or approval of a modification scheme of the process is required. It should be especially emphasized that, at this phase, AR/VR do not replace the orchestration core, but ensure its cognitive transparency, while increasing the quality of interpretation of the consequences of managerial scenarios.

			At the phase of Execution Monitoring & Verification, AR acquires the greatest practical significance as a tool of field support in situations of: overlaying risk layers on terrain, routing the delivery of resources and equipment, indicating the statuses of task execution, territorial analysis of the boundaries of intervention zones, as well as analysis of infrastructural constraints. This makes it possible to reduce the level of errors in execution, increase the compliance of actual actions with the previously formed plan, and accelerate the confirmation of completed operations. HITL at this phase makes it possible to verify the obtained results, record deviations, and, if necessary, make a decision on re-inspection and/or corrective actions. At the phase of Feedback Learning & Adaptive Refinement, VR and HITL may be used for post-scenario analysis, as well as for the purpose of modifying the course of remediation operations, identifying the causes of delays, routing conflicts, and interpretation errors, as well as for adapting procedures, confidence thresholds, and BPMN regulations. Thus, AR/VR and HITL become not only means of supporting the entire cycle of ­implementation of remediation measures, but also tools of management, organizational learning, and a base of practical knowledge within the management loop. Taken together, all of the above forms continuous human-machine support at all stages of the lifecycle of remediation logistics.

			Summarizing the description of this approach, it may be stated that the scientific novelty lies in the conceptualization of AR/VR and Human-in-the-Loop mechanisms as a cross-cutting HMI layer in the architecture of the closed digital diagnostic-managerial loop, rather than as local tools of visualization or training. The proposed expansion of the role makes it possible to formally connect digital diagnostics, process orchestration, and the field implementation of the complex of remediation measures through a unified loop of interpretation, coordination, and verification of decisions. In contrast to fragmented approaches, where AR/VR and expert participation are integrated in most cases episodically, in this concept they act as a systemic mechanism for increasing the resilience of management under conditions of uncertainty, time scarcity, and high dynamics of situational changes. This strengthens the architectural integrity of the model proposed by the authors of the monograph and substantiates its applicability to the tasks of eliminating the consequences of emergency situations of a natural, technogenic, and military nature, as well as to post-crisis remediation measures (Table 4.2).

			This matrix appears methodologically strong and useful, as it performs not merely an illustrative, but a substantiating function within the structure of the study. First, it demonstrates the functional continuity of human-machine interaction throughout the entire loop, namely: from the interpretation of observation results and image recognition to the verification of damage, from training to the modification of the remediation logistics route. This means that human participation and immersive interfaces are embedded not in a single separate stage, but in the logic of the entire management lifecycle. Second, the matrix confirms the differentiation of the roles of AR, VR, and HITL. That is, the matrix demonstrates that the technologies are distributed not arbitrarily, but in accordance with their most rational function within the management architecture. Third, the table confirms that the concept proposed by the authors indeed ensures cognitive, coordination, and operational connectedness between digital diagnostics, decision-making, process orchestration, as well as the field implementation of the set of remediation/reconstruction/recovery measures, verification of results, and subsequent adaptive training of personnel. This is particularly important, because it is precisely such connectedness that is usually lacking in many existing digital solutions, where analytics, management, and execution remain disconnected. Fourth, the matrix formed by the authors confirms the thesis that the HMI layer is not an auxiliary, but an architecturally significant mechanism for increasing the resilience of crisis management under conditions of uncertainty, time scarcity, high dynamics of ­situational change, increasing the effectiveness of interagency cooperation and coordination of joint efforts for the purpose of the prompt elimination of the consequences of emergency events, as well as the necessity of a rapid transition from diagnostics to real actions. Fifth, this matrix also indirectly confirms the closed nature of the loop itself, since the functions of AR/VR and HITL are distributed not only at the input and in the middle of the process, but also at the final stages, namely at the stages of verification, learning, and adaptive refinement. And this means that the loop is indeed considered as a cycle, rather than as a linear chain of actions.

			

				
					
							
							Table 4.2 Matrix of functional distribution of AR/VR and Human-in-the-Loop mechanisms by phases of the closed digital diagnostic-managerial loop of remediation logistics

						
					

					
							
							Loop phases/HMI functions

						
							
							Interpretation

						
							
							Validation

						
							
							Coordination

						
							
							Scenario analysis

						
							
							Field support

						
							
							Verification

						
							
							Learning/adaptation

						
					

					
							
							Surveillance Data Acquisition

						
							
							± (coverage control)

						
							
							–

						
							
							–

						
							
							–

						
							
							–

						
							
							–

						
							
							–

						
					

					
							
							Pattern Recognition & Diagnostic Analytics

						
							
							AR/VR + HITL

						
							
							HITL

						
							
							–

						
							
							–

						
							
							–

						
							
							–

						
							
							–

						
					

					
							
							Geospatial Diagnostic Integration (GIS)

						
							
							AR/VR

						
							
							HITL

						
							
							AR/VR + HITL

						
							
							VR

						
							
							–

						
							
							–

						
							
							–

						
					

					
							
							Decision & Orchestration Core (DSS + + BPMN/CPM)

						
							
							–

						
							
							HITL

						
							
							AR/VR + HITL

						
							
							VR + HITL

						
							
							–

						
							
							–

						
							
							–

						
					

					
							
							Execution Monitoring & Verification

						
							
							AR

						
							
							HITL

						
							
							–

						
							
							–

						
							
							AR + HITL

						
							
							AR + HITL

						
							
							–

						
					

					
							
							Feedback Learning & Adaptive Refinement

						
							
							VR + HITL

						
							
							HITL

						
							
							HITL

						
							
							VR

						
							
							–

						
							
							HITL

						
							
							VR + HITL

						
					

				
			


			In general form, presented below is an aggregated list of what is included in AR/VR as parts of the cross-cutting HMI layer:

			1. Augmented Reality for field operations support, in particular for: overlaying digital layers on terrain/a tablet screen (including, among other things, the ­designation of risk zones, routes, statuses of tasks being performed, as well as access restrictions).

			2. Augmented Reality for geospatial data visualization, including for the display of GIS layers and diagnostic objects referenced to real space.

			3. Augmented Reality for plan-vs-actual verification, in the context of comparing planned remediation tasks with the work actually performed on site.

			4. Augmented Reality for field navigation and routing support, including ­visual prompts regarding safe routes, access points, as well as bypassing haz­ardous zones.

			5. Virtual Reality for scenario simulation, including the playing out of alternative scenarios of work execution, logistical routes, and sequences of actions.

			6. Virtual Reality for team training and preparedness, which may be successfully used for practicing response mechanisms, coordination, and task execution under conditions as close as possible to real ones.

			7. Virtual Reality for what-if analysis of management decisions, which may be used for visual verification of the consequences of changing priorities, timeframes for the implementation of remediation measures, routes for resource delivery, and their distribution.

			8. Virtual Reality for cross-level decision coordination, which may be applicable in training of joint scenarios for the strategic, regional, and field levels of management of different types of remediation/reconstruction/recovery measures.

			9. Immersive visualization of diagnostic outputs, which consists in the presentation of the results of recognition/segmentation/detection in a form maximally understandable for operational human interpretation.

			10. Immersive visualization of model uncertainty and confidence, including the display of confidence/uncertainty estimates for reducing the risk of erroneous interpretation of AI analytics.

			11. AR/VR as a human-machine interface layer in the loop. Let's emphasize that this is not merely visualization, but a means of interpretation, coordination, as well as confirmation and verification of decisions.

			12. AR/VR as a means of after-action review and learning. This refers to the application of VR/AR in the feedback phase for the analysis of errors, refinement of processes, and team training [22, 23].

			Thus, it is possible to make a generalization: AR in the proposed architecture is predominantly oriented toward supporting field execution and verification, whereas VR is oriented toward scenario planning, decision coordination, and learning (AR supports execution and verification; VR supports simulation, coordination, and learning).

			As a result, there is every basis to present a kind of "Evolutionary Ladder" of the development and expansion of the role of AR/VR:

			Visualization tool → Situational awareness support → Decision support interface → Execution support interface → Verification interface → Cross-cutting HMI layer in closed-loop management (Fig. 4.4).

			

			[image: ]

			Fig. 4.4 Evolutionary ladder of the AR/VR role in remediation logistics management

			

			4.7 Conclusions

			The authors have proposed a conceptual architecture of a closed digital diagnostic-managerial loop for remediation logistics, in which the Pattern Recognition block is formalized as a source of diagnostic events and uncertainty, integrated into the geospatial layer and further transformed into executable managerial actions through the Decision & Orchestration Core (DSS + BPMN/CPM), with cross-cutting support of the HMI layer (AR/VR + Human-in-the-Loop). One of the key properties of the proposed architecture is its adaptive architectural ­reconfigurability, understood as the ability of the closed digital diagnostic-managerial loop to change the configuration of functional blocks, the connections between them, and the parameters of process orchestration depending on the type of emergency situation, the stage of remediation, and resource constraints. The proposed approach demonstrates both quantitative and qualitative advantages compared to fragmented solutions. From a quantitative perspective, it enables the evaluation of the degree of closure of the full management cycle from diagnostic events to evidence-based and traceable state updates. From a qualitative perspective, it ensures the integration of previously fragmented components into a unified adaptive architecture capable of transforming diagnostic results into executable and verifiable managerial actions.

			The monograph presents an analysis of the expansion of the horizon of applicability of the proposed conceptual approach to the tasks of eliminating the consequences of emergency situations of a natural, technogenic, and military nature, while preserving the transport-logistics sphere as the priority domain of implementation. The study focused attention on the transport-logistics sphere as the priority contour for approbation and development, since it is precisely in it that the necessity of rapid transformation of diagnostic data into executable managerial actions is most clearly manifested [24].

			In addition, the scientific novelty of the study lies in the conceptual rethinking of the AR/VR role in systems for eliminating the consequences of emergency situations and remediation of affected territories: AR/VR are proposed to be considered not as isolated tools of visualization or training, but as a cross-cutting layer of human-machine interaction (cross-cutting HMI layer) in the architecture of the closed digital diagnostic-managerial loop. In contrast to traditional approaches, AR/VR are embedded into a unified loop together with pattern recognition, GIS, DSS, and BPMN/CPM, ensuring the transition from the results of digital diagnostics to executable managerial actions in the tasks of eliminating destruction, reconstruction, construction, repair, and full remediation of territories. It is substantiated that under modern conditions of high uncertainty, scarcity of time and resources, AR/VR acquire new functional characteristics, namely: support for the interpretation of diagnostics, coordination of decisions, support of execution, verification of results, as well as training and adaptive adjustment of the loop. Thus, the range of their application is significantly expanded – from local visual support to an architecturally significant component of the engineering of managerial processes in a multi-actor crisis environment. The proposed approach forms a basis for further formalization and empirical approbation of integrated diagnostic-managerial systems of a new generation in subsequent studies.
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			CHAPTER 5

			Detection of small and camouflaged objects

			Dmytro Krytskyi, Elvira Kaidan, Artem Chekhovsky

			Abstract

			Detecting small and camouflaged objects in aerial images is challenging, especially when data is acquired from drones. In such images, targets often occupy only a very small portion of the frame and can visually blend in with the surrounding terrain. Image quality is also affected by flight altitude, unstable lighting, motion blur, background noise, and intentional camouflage. Therefore, analyzing such data is complex and time-consuming, significantly increasing the likelihood of missing a target object. Therefore, automatic detection is a highly relevant approach to identifying these objects.

			This chapter examines the use of deep learning methods for detecting small and camouflaged objects in aerial photos and videos. The study focuses on YOLO-based detectors, as these models combine good detection quality with high processing speed and are suitable for practical applications. Particular attention is given to the comparison of YOLOv8 and YOLOv11. An experimental study was conducted on an annotated dataset created from publicly available video footage. Two model configurations were trained and evaluated. Image resizing by direct stretching was replaced by adding padding to preserve the proportions of objects within the frame. Additionally, the class structure was simplified, reducing ambiguity during training and increasing classification confidence. These changes were tested alongside the transition from YOLOv8n to YOLOv11s.

			The results showed that the improved approach provided more stable detection in complex data and significantly reduced training time. The YOLOv11 model demonstrated the best practical results when working with small targets in complex background conditions. The obtained results confirm that modern architectures based on YOLO family models can be effectively applied to automated data analysis and can serve as a foundation for the further development of intelligent decision support systems.
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			5.1 Introduction

			Unmanned aerial vehicles (UAVs) have significantly expanded the capabilities of remote sensing and the rapid collection of geospatial data. Today, they are widely used for environmental monitoring, infrastructure inspection, and military reconnaissance. Their use allows for the acquisition of detailed visual information over large areas in a relatively short time. At the same time, the volume of photo and video data collected by UAV platforms has increased so much that manual analysis is often insufficient, especially in situations requiring rapid decision-making [1, 2].

			Detecting small and intentionally camouflaged objects is particularly challenging [3, 4]. Such targets may occupy only a small number of pixels in an image and are difficult to distinguish from the surrounding background. The situation is further complicated by camouflage, variable lighting, weather conditions, and the visual complexity of the terrain itself [3, 5]. As a result, the operator must process large volumes of visually complex data, which increases the likelihood of missing desired objects. In such cases, approaches designed specifically for small-object analysis, including hyper-inference and image slicing, become particularly relevant [4].

			These limitations make automated image analysis an important research and practical challenge. In recent years, deep learning methods have demonstrated good results in object detection tasks, especially in scenes where traditional image processing methods are not robust enough. Convolutional neural networks (CNNs) are particularly effective because they can learn informative visual features directly from data rather than relying on hand-crafted descriptors [6]. For the use of such systems onboard UAVs, it is important that such models be able to run in real-time or near-real-time on onboard systems with limited computing resources [7].

			Among modern object detection approaches, the YOLO family remains one of the most widely used solutions. Its single-stage detection scheme allows the model to predict object classes in a single, straightforward pass, providing a good balance between speed and accuracy [8]. Because of this, YOLO-based detectors are widely used in video analytics and other applications requiring fast processing [9].

			At the same time, model quality depends not only on the detector architecture itself. The final result is also influenced by the composition of the training dataset, the data augmentation strategy, preprocessing methods, and the choice of training parameters. Even relatively small changes in preprocessing can impact how well the system handles noisy data and how reliably it detects objects close to the sensor's resolution limit [10].

			The aim of this study is to explore approaches to automatically detecting small and partially camouflaged objects in photos and videos using modern deep learning methods. Particular attention is paid to the performance of YOLO-based models under challenging observation conditions.

			5.2 Problem of detecting small and camouflaged objects in aerial imagery

			Detecting small and camouflaged targets in aerial imagery data streams is one of the most critical and complex fundamental tasks in computer vision [11]. The specific nature of obtaining visual information from unmanned aerial vehicles (UAVs) gives rise to a number of disruptive factors that significantly reduce the effectiveness of classical segmentation and identification algorithms.

			The main challenge in such situations is the gap between the sensor's resolution and the small size of the target object. When capturing a large area, the UAV is flying at a high height, and the objects occupy a very small number of pixels in the frame [12]. As a result, we get a "deficiency": texture, shadows – all the most important criteria for recognition are lost, and the system is unable to distinguish the object from the background.

			Camouflage must also be considered. During military or reconnaissance missions, objects are often concealed. During such operations, camouflage nets or patterns are used, or the specific terrain and natural factors are taken into account. In such situations, the spectral characteristics and the surrounding surface become similar. The texture of the target to be identified and the surroundings become so similar that the visual boundary becomes blurred. In such cases, classical gradient detection methods fail to provide reliable results for the model.

			An additional challenge is posed by the structural non-uniformity of the ­background, namely its high entropy. Aerial imagery typically contains a high number of non-textural elements, such as buildings, roads, and so on. These objects create visual noise, leading to the detection of false contours and textures. For a system operating in real time and required to make rapid decisions, such errors are unacceptable.

			What also cannot be ignored is that the mission is carried out under dynamic conditions [13]. During operation, the UAV performs a series of maneuvers, resulting in sudden changes in camera angles, lighting fluctuations, and additional atmospheric effects. All of these factors lead to blurring and geometric distortions in the video.

			Conventional computer vision methods, which rely on manually created features, prove to be insufficiently robust against the difficulties mentioned earlier. In comparison, deep learning allows for the automatic construction of a feature hierarchy. It gradually adapts to complex spatial structures and nonlinear dependencies in the data.

			Given all the aforementioned problems, the task is to create adaptive neural network approaches based on deep learning, tailored to the specifics of aerial images from UAVs. The system must ensure high accuracy with a low false positive rate and robustness to dynamic imaging conditions.

			5.3 Deep learning approaches for small object detection

			Serious changes have taken place in the field of computer vision over the past ten years. Instead of deterministic algorithms, in which features were specified manu­ally, deep learning methods have increasingly come into use.

			The fundamental mechanism for feature extraction in such systems is the convolution operation, which preserves spatial correlations between pixels.

			The convolution operation can be formally represented as follows

			[image: ]	(5.1)

			where I – the input image; K – the convolution kernel; i, j – the pixel coordinates in the output feature map.

			As data passes sequentially through a cascade of convolutional layers, low-level features (lines, gradients) are transformed into high-level semantic structures.

			Activation functions are used to model nonlinear dependencies and improve the network's approximation capability. The standard for modern architectures is the Rectified Linear Unit (ReLU) function, defined as

			[image: ]	(5.2)

			The use of ReLU and its variants (such as SiLU in the latest versions of YOLO) effectively addresses the problem of gradient vanishing and accelerates model convergence during training.

			In modern object detector architecture design, two conceptual strategies are distinguished [14]:

			1. Two-stage detectors: R-CNN family. The detection process is divided into the generation of regional proposals and their subsequent classification. Despite their high accuracy, such systems are computationally intensive, which limits their application in real-time tasks [15].

			2. One-stage detectors: YOLO, SSD, RetinaNet. These models treat detection as a single regression problem, predicting the coordinates of the bounding boxes and class probabilities in a single pass through the network. This approach is the dominant one in aerial reconnaissance systems due to its high throughput and the ability to deploy it on UAVs with limited computational resources.

			However, the detection of small-scale targets remains a "bottleneck" almost exclusively for deep neural networks. The main reason lies in the loss of spatial information that occurs during the sequential downsampling of feature maps. To mitigate this phenomenon, modern architectures employ multi-scale prediction mechanisms and hierarchical feature combination structures (Feature Pyramid Networks, FPN). This allows the network to aggregate contextual information from deep layers with the high spatial resolution of shallow layers.

			The evolution of the YOLO family of models has led to the emergence of architectures that demonstrate high robustness to challenging observation conditions: low contrast, spectral blending of the object with the background, and geometric distortions. Within the scope of this study, special attention is paid to a comparative analysis of the YOLOv8 and YOLOv11 models. The choice of these iterations is due to their technological sophistication: the integration of anchor-free detection methods, improved feature extraction blocks, and optimized loss functions, which together open up new prospects for the automated interpretation of aerial reconnaissance data under conditions of active countermeasures and camouflage [16].

			5.4 YOLO-based architectures for aerial object detection

			Models from the YOLO family are among the most widely used object detection algorithms in modern computer vision systems. Their popularity stems from their combination of high image processing speed and reasonably high object recognition accuracy. Unlike two-stage detectors, such as Faster R-CNN, which first generate region proposals and then classify them, YOLO ­models perform object localization and classification in a single pass through the neural network.

			The main idea behind the YOLO algorithm is to divide the input image into a regular grid. Each cell of this grid is responsible for predicting objects, which centers are within the corresponding area. For each cell, the neural network predicts the coordinates of the bounding box, the probability of an object's presence, and the probability that the object belongs to a specific class.

			The number of parameters predicted by the model can be described as follows

			[image: ]	(5.3)

			where S – the size of the grid into which the image is divided; B – the number of predicted frames for each cell; C – the number of object classes.

			Each bounding box is described by five parameters: center coordinates x and y, width w, height h, and a confidence value, which characterizes the probability of an object being present within the bounding box.

			The architecture of modern YOLO models consists of three main components: backbone, neck, and head. The backbone is used to extract features from the input image using convolutional layers. In this block, feature maps of various levels of abstraction are formed. The neck is designed to combine features at different scales, allowing for more effective detection of both large and small objects. Structures such as Feature Pyramid Networks (FPN) or Path Aggregation Networks (PAN) are often used for this purpose. The head performs the actual prediction of bounding box coordinates and object classes.

			To evaluate the quality of object localization, the Intersection over Union (IoU) metric is used, which determines the degree of overlap between the predicted bounding box and the actual bounding box of the object

			[image: ]	(5.4)

			where [image: ] – specified frame; [image: ] – ground truth frame.

			The basic building block of the architecture is the convolutional layer (conv), which structure is shown in Fig. 5.1. It consists of a 2D convolutional layer (Conv2d), a batch normalization layer (BatchNorm2d), and a SiLU activation function. This combination allows for the effective extraction of spatial features from the image and stabilizes the neural network training process.

			

			[image: ]

			Fig. 5.1 Structure of the convolution block (Conv)

			

			To improve the efficiency of feature processing in the network, bottleneck modules (b_elem) are used. They consist of a sequence of convolutional layers and ensure efficient information transfer between the layers of the neural network. The structure of this block is shown in Fig. 5.2.

			

			[image: ]

			Fig. 5.2 Structure of the bottleneck block (b_elem)

			

			One of the key modules in modern YOLO models is the C2f block, which combines several bottleneck elements with additional convolutional layers. This structure improves feature transfer between layers and enhances the training efficiency of deep neural networks. The architecture of the C2f module is shown in Fig. 5.3.

			

			[image: ]

			Fig. 5.3 Architecture of the C2f module

			

			The final component of the architecture is the detection head, which predicts the coordinates of bounding boxes and object classes. 

			This block uses information from the previous network layers to generate the final detection results. 

			The structure of this component is shown in Fig. 5.4.

			

			[image: ]

			Fig. 5.4 Structure of the detection head element

			

			The combination of these structural elements forms the complete architecture of the YOLO model, which includes feature extraction blocks and an object detection block. The overall structure of the model's architecture is shown in Fig. 5.5.

			In this study, two state-of-the-art architectures – YOLOv8 and YOLOv11 – were used to detect small and occluded objects in aerial reconnaissance images. The YOLOv8 model is one of the most widely used architectures for object detection tasks and demonstrates a good balance between accuracy and processing speed. However, further development of the YOLO family of models led to the emergence of the newer YOLOv11 architecture, which is characterized by improved computational efficiency and increased detection ac-curacy [8].

			In addition to improvements in the neural network architecture, detection performance depends significantly on image preprocessing methods and the structure of the training dataset. 

			This study also investigated the impact of various data preparation ap­proaches, including the use of padding to preserve image proportions and the optimization of the number of classes in the dataset.

			The analysis conducted allows to evaluate the effectiveness of modern YOLO architectures in automated aerial reconnaissance image analysis tasks and identify the most promising approaches for detecting small-sized and camouflaged objects.

			

			[image: ]

			Fig. 5.5 Overall architecture of the YOLO model

			

			5.5 Experiment using YOLOv8 for small object detection

			To investigate the effectiveness of modern methods for detecting small and occluded objects, an experiment was conducted using the YOLOv8 model. This model belongs to the modern generation of single-stage object detectors and is widely used in computer vision tasks due to its combination of high image processing speed and sufficiently high detection accuracy [13].

			In the first stage, a training dataset was created based on aerial reconnaissance video footage. The video recordings were divided into individual frames, which were used as images for further training of the neural network. For each image, object annotation was performed, during which the coordinates of the bounding boxes and the corresponding object classes were determined.

			Analysis of the dataset structure is a crucial step in experiment preparation, as class distribution can affect the quality of model training. The distribution of objects by class is shown in Fig. 5.6.

			

			[image: ]

			Fig. 5.6 Histogram of class distribution in the training dataset

			

			Further analysis of the positions of objects in the images allows to assess the spatial distribution of objects in the dataset. Fig. 5.7 shows the distribution of the positions of the frame centers and their sizes.

			After preparing the dataset, the YOLOv8 model was trained. During training, the neural network gradually optimizes its parameters by minimizing the loss function and improving object detection accuracy.

			The trends in the model's key quality metrics over the training epochs are shown in Fig. 5.8.

			

			[image: ]

			Fig. 5.7 Distribution of positions (left) and dimensions (right) of the limiting frames
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			Fig. 5.8 Changes in the model's quality metrics over training epochs

			

			Standard object detection metrics are used to evaluate the model's performance. One of the key metrics is Precision, which measures the proportion of correctly detected objects among all detections

			[image: ]	(5.5)

			where TP (True Positive) refers to correctly detected objects, and FP (False Positive) refers to false detections.

			Another important metric is Recall, which shows what proportion of actual objects the model was able to detect

			[image: ]	(5.6)

			where FN (False Negative) refers to objects that the model failed to detect.

			To comprehensively evaluate detection quality, the F1-score is used, which combines the Precision and Recall metrics

			[image: ]	(5.7)

			Using this metric provides a comprehensive assessment of the model's performance, taking into account both detection accuracy and recall.

			For a more detailed analysis of the model's performance, curves were plotted showing the dependence of key detection metrics on the model's confidence level (Fig. 5.9). 

			

			[image: ]

			Fig. 5.9 Dependency curves for key detection metrics in the YOLOv8 model

			

			These graphs allow to assess the impact of the confidence threshold on detection accuracy and completeness, as well as to determine the optimal threshold value for the practical application of the model.

			As can be seen from the graphs, as the confidence threshold increases, detection accuracy (Precision) improves, but at the same time, the completeness of object detection (Recall) decreases. The Precision-Recall curve illustrates the relationship between these two metrics. The maximum F1-score corresponds to the optimal balance between precision and recall. A confusion matrix is used to evaluate the classification quality of different object types. It allows to determine which object classes are most frequently misclassified by the model. The normalized confusion matrix is shown in Fig. 5.10.

			

			[image: ]

			Fig. 5.10 Normalized confusion matrix for the YOLOv8 model

			

			The results showed that the YOLOv8 model is capable of effectively detecting objects in aerial reconnaissance images. At the same time, a number of limitations were identified regarding the detection of small and partially occluded objects, which is attributed to their low pixel count in the image and complex background conditions.

			The experimental results were used as a baseline for further comparison with the newer YOLOv11 architecture, which incorporated additional optimizations in image preprocessing and dataset structure.

			5.5.1 Experiment using YOLOv11 for small object detection

			Following the baseline experiment using the YOLOv8 model, a follow-up study was conducted using the newer YOLOv11 architecture. The primary objective of this experiment was to improve the detection accuracy of small and occluded objects, as well as to optimize the model training process.

			The new experiment used the same dataset as the previous study, but several changes were made to the data preparation and model configuration. Specifically, instead of resizing images to a fixed size, the padding method was used, which involves adding blank areas to the image to achieve the required size without altering the aspect ratio. When using the padding method, the image is scaled to a specified size without changing the aspect ratio, after which empty areas are added to the image. Let the original image have a size of W × H, and the required size of the neural network's input image be S × S.

			The scaling factor is defined as

			[image: ]	(5.8)

			After resizing, the new image dimensions are defined as

			[image: ]	(5.9)

			The size of the padding area is calculated as follows:

			[image: ]	(5.10)

			where [image: ] – horizontal padding; [image: ] – vertical padding.

			In addition, the class structure in the dataset was optimized. Reducing the number of classes improves classification confidence, as the neural network focuses on a smaller number of object categories. This also reduces image processing time and increases the speed of the detection system.

			During model training, a significant reduction in training time was observed. While in the previous experiment using YOLOv8, model training took more than two hours, in the case of YOLOv11, the full training cycle was completed in approximately 30 minutes. 

			This indicates the increased efficiency of the new architecture and the optimization of the neural network training process.

			The dynamics of changes in the model's key quality metrics over training epochs are shown in Fig. 5.11.

			

			[image: ]

			Fig. 5.11 Changes in the key performance metrics of the YOLOv11 model during training

			

			To analyze the model's performance in greater detail, it is possible to plot curves showing how key detection metrics vary with the confidence threshold. These metrics include Precision, Recall, and F1-score, which are widely used to evaluate the quality of object detection systems.

			The Precision-Confidence, Recall-Confidence, Precision-Recall, and F1-Confidence graphs allow to evaluate the model's behavior as the confidence threshold changes and to determine the optimal balance between detection accuracy and completeness (Fig. 5.12).
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			Fig. 5.12 Performance curves for the YOLOv11 model

			

			An analysis of the graphs shows that the model exhibits stable metric values across a wide range of confidence thresholds. As the threshold increases, the Precision metric rises, indicating a decrease in the number of false detections. At the same time, the Recall metric gradually decreases, as some objects may be missed when the threshold is set too high. 

			For a more detailed analysis of the classification results, a confusion matrix was constructed, which allows for the evaluation of the accuracy of identifying individual object classes. The normalized confusion matrix is shown in Fig. 5.13.

			As shown in the confusion matrix, most objects are classified correctly, indicating the model's high accuracy. The small number of classification errors is due to the similarity of certain object types and challenging shooting conditions.
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			Fig. 5.13 Normalized confusion matrix for the YOLOv11 model

			

			The results demonstrate that using the YOLOv11 model in combination with optimized data preprocessing improves the detection performance of small objects and reduces model training time. This makes this approach promising for use in auto­mated analysis systems for aerial reconnaissance images.

			5.6 Comparative analysis of YOLOv8 and YOLOv11

			To evaluate the effectiveness of the proposed approach, a comparative analysis was conducted between the YOLOv8n and YOLOv11s models, which were used to detect small and partially hidden objects in photos and videos.

			In the second experiment, several changes were made to the data preprocessing and model tuning. First, the image preprocessing method was modified. While in the first experiment, images were resized to the required dimensions, in the second experiment, padding was used, i.e., adding empty areas to the image to achieve the required size without changing its proportions. This approach preserves the geometric characteristics of objects and avoids their deformation, which positively impacts detection quality.

			Second, the study utilized the newer YOLOv11s neural network architecture. Version 11's model utilizes computational resources more efficiently, as evidenced by network training speed and data processing speed.

			Furthermore, the dataset structure was optimized by reducing the number of classes. This significantly increased the probabilities of class detection, particularly for the "tank" class. The YOLOv8n model took over two hours to train, while the YOLOv11s model was trained in approximately 30 minutes, indicating significant optimization of the training process.

			A comparison of the key characteristics of the models is presented in Table 5.1.

			

				
					
							
							Table 5.1 Comparison of model specifications

						
					

					
							
							Parameter

						
							
							YOLOv8n

						
							
							YOLOv11s

						
					

					
							
							Network architecture

						
							
							YOLOv8n

						
							
							YOLOv11s

						
					

					
							
							Image preprocessing

						
							
							Image resizing

						
							
							Padding with preserved aspect ratio

						
					

					
							
							Dataset size

						
							
							> 750 images

						
							
							> 750 images

						
					

					
							
							Number of classes

						
							
							initial dataset

						
							
							optimized dataset

						
					

					
							
							Training time

						
							
							> 2 hours

						
							
							< 30 minutes

						
					

					
							
							Precision

						
							
							≈ 0.90

						
							
							≈ 0.91–0.93

						
					

					
							
							Recall

						
							
							≈ 0.88–0.90

						
							
							≈ 0.90–0.92

						
					

					
							
							mAP@0.5

						
							
							≈ 0.95

						
							
							0.939

						
					

					
							
							Detection confidence

						
							
							moderate

						
							
							higher

						
					

				
			

			Source: created by the authors


			For a comparative analysis, Fig. 5.14 shows the results of object detection obtained using the YOLOv8n and YOLOv11s models. The examples provided illustrate how the models perform when detecting small objects in aerial reconnaissance images.
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			Fig. 5.14 Comparison of detection results: 1 – YOLOv8n; 2 – YOLOv11s

			

			5.7 Conclusions

			The problem of detecting small and camouflaged objects is highly relevant. This chapter demonstrates the potential of using YOLO family models for this task, as they offer a combination of high speed and sufficient accuracy.

			This study analyzed the architectural features of YOLO models and demonstrated their structural elements. An experimental performance evaluation of the YOLOv8n and YOLOv11s models was also conducted. For training and testing, a dataset was created based on 25 videos totaling over 1 hour, from which over 750 images were extracted and annotated.

			A baseline experiment using YOLOv8n confirmed the feasibility of effective object detection in photo and video data. However, the results demonstrated the need for further refinement of the approach, particularly with regard to image preprocessing, class set structure, and model architecture.

			In the second experiment, the YOLOv11s model was applied, and the data preparation procedure was improved. Instead of directly resizing images, padding was used, preserving the proportions of objects and reducing geometric distortions. Furthermore, the class structure was optimized, which positively impacted classification confidence and detection speed.

			The results showed that the YOLOv11s model provides high detection performance: AP = 0.848 for the armored_vehicle class, 0.983 for support_vehicle, 0.956 for tank, and 0.968 for vehicle, while the overall AmAP@0.5 is 0.939. Model training time was reduced from over two hours for YOLOv8n to approximately 30 minutes for YOLOv11s, indicating a significant increase in computational efficiency.

			Thus, the results of this study confirm the promise of using modern YOLO family architectures for automated data analysis. The combination of improved data preprocessing methods, class structure optimization, and the use of new detection models allows for increased reliability in detecting small and camouflaged objects in challenging surveillance environments. The main limitations and assumptions of the proposed approach are summarized in Table 5.2.

			These limitations and assumptions define the directions for future research and indicate the need for validation on larger and more diverse datasets, as well as testing under real-world operating conditions.

			Prospects for further research include expanding the training dataset and further adapting the models to practical conditions in monitoring and reconnaissance systems. It is also proposed to increase data augmentation at subsequent stages of research.

			

				
					
							
							Table 5.2 Main limitations and assumptions of the study

						
					

					
							
							Category

						
							
							Description

						
					

					
							
							Limitation

						
							
							The dataset is relatively limited in size and diversity, as it is based on publicly available video data

						
					

					
							
							Limitation

						
							
							The model was not evaluated under extreme conditions such as severe illumination changes, weather effects, or sensor noise

						
					

					
							
							Limitation

						
							
							Motion blur, rapid viewpoint changes, and real-time communication delays were not explicitly considered

						
					

					
							
							Limitation

						
							
							Limited validation under real UAV operational conditions

						
					

					
							
							Assumption

						
							
							Image acquisition conditions are assumed to be relatively stable

						
					

					
							
							Assumption

						
							
							Preserving object geometry using padding is considered more important than potential loss of contextual information

						
					

					
							
							Assumption

						
							
							Reducing the number of classes improves detection performance

						
					

					
							
							Assumption

						
							
							The selected YOLOv11 architecture is appropriate for the defined task
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			CHAPTER 6

			Visual pattern recognition in navigation simulator interfaces: a method for automatic reconstruction of vessel motion parameters

			Yevgeniy Kalinichenko, Oleksandr Koliesnik, Oleg Safyan

			Abstract

			In this chapter, it is presented a method for automatically determining the navigation and control parameters of a vessel, which is based on reading the simulator screen without access to internal telemetry or system data. The presented approach considers the display of the simulator not only as an interaction tool for the operator, but also as a visual representation of the state of the internal model, because the navigation parameters are coded using graphic indicators that create a graphical user interface, which methodologically can be understood as a structured visual environment where stable areas correspond to certain parameters.

			By automatically identifying these areas and interpreting their contents, the method determines synchronized time series that describe the vessel's movement. Once set up, the system can read numerical and graphical indicators and convert them into data sequences up to 10 Hz, allowing quantitative information on vessel movements to be obtained directly from the user interface image without software integration or access to internal modules.

			The experimental validation was performed on a fully functional bridge simulator which user interface displays all navigation and engineering parameters, and its results showed that the most important navigation parameters can be recon­structed very reliably using only the interface image, while the reconstructed time series supports the correct sequence of events. The average absolute error is a maximum of 1° for the course and remains below 2% for propeller revolutions, which is sufficient for maneuver analysis and trajectory studies.

			A key advantage of this approach is its independence from the internal architecture of specific simulation systems. This allows the method to be applied on various platforms, even where access to internal data is restricted or unavailable. The ­method is currently protected by two patent applications filed with the National Intellectual Property and Innovation Agency of Ukraine.

			Overall, the results demonstrate that the visual interface of a navigation simulator can serve as an independent and universal data source for investigating ship dynamics and supporting experimental studies.

			Keywords

			Image recognition, navigation simulator, interface analysis, ship motion parameters, automated data collection, ship dynamics, bridge simulator.

			6.1 Introduction

			Over the past decades, digital simulation technologies have significantly ex­panded the role of navigational simulators in maritime research and training. Modern full-mission bridge simulators reproduce not only the visual layout of a ship's wheelhouse, but also the operational logic of navigation systems and ship control. As a result, they provide a controlled environment in which ship dynamics, environmental influences, and operator decisions can be studied in conditions that are as close as possible to real navigational practice. At the same time, a practical difficulty appears when such studies require access to reliable navigation data, especially when internal simulator outputs are limited or unavailable.

			In this chapter, this problem is addressed by proposing a method for extracting navigation and control parameters directly from the visual interface of the simulator. The goal is to develop an approach that makes it possible to reconstruct vessel motion without relying on internal telemetry, using pattern recognition methods applied to elements of the graphical interface. Despite these advantages, obtaining experimental data from simulators remains a technically challenging task.

			In many cases, researchers have to rely on internal telemetry channels, proprietary service logs, or specialized application programming interfaces to access parameters describing the ship's motion. Such solutions often depend on the specific architecture of the simulator software. As a result, experimental procedures developed for one system cannot always be reproduced on another platform. When the internal structure of the simulator is closed or poorly documented, the parameters necessary for analysis may remain unavailable to the researcher.

			The general theme of this monograph, pattern recognition in surveillance and diagnostic systems, suggests a different approach to solving this problem. What matters here is not the recognition itself. It is how the simulator is treated as a data source. The graphical interface of a navigation simulator continuously displays a large amount of operational information about the state of the vessel. From a methodological point of view, it can be considered not only as a tool for interaction with a person, but also as a visual representation of the internal state of the model.

			In other words, the simulator screen can be considered as a structured visual environment in which navigation parameters are encoded using graphic indicators.

			Analysis of these indicators using pattern recognition methods allows obtaining quantitative information about the movement of the vessel without direct access to the internal software modules of the simulator.

			The method described in this chapter is based on this idea.

			Instead of using internal telemetry streams, the proposed approach analyzes the graphical interface of the simulator itself. The display is considered as an external projection of the internal state of the simulator, and the graphic elements that appear on the screen are interpreted as a representation of navigation and control parameters.

			By automatically identifying these elements, the method reconstructs synchronized time series describing the movement of the simulated vessel.

			The experimental verification of the approach was carried out using a full-mission bridge simulator.

			The technical solution presented here is currently protected by two pending ­patent applications filed with the Ukrainian National Office for Intellectual Property and Innovation (UANIPIO): application for invention No. a202600852 and application for utility model No. u202600851.

			The rest of the chapter is organized as follows. Section 6.2 reviews previous research on marine simulators and visual pattern recognition methods. Section 6.3 examines the navigation simulator interface as a structured visual environment and outlines the conceptual framework of the proposed approach. Section 6.4 describes the architecture of the method and its principles of operation. Section 6.5 presents the results of the experimental verification. The final section summarizes the main results of the study.

			6.2 Related works

			Over the past twenty years, research on navigation simulators has been significantly intensified. This is due to the fact that simulators have begun to play an important role not only in training but also in scientific research into ship control.

			Z. Munim et al. show in their systematic review that simulator-based research is becoming more methodologically structured, especially in terms of scenario development, data measurement and analysis [1]. But their work focuses mainly on how such research is conducted, rather than how navigational data can be obtained independently of the specific architecture of the simulator.

			C. Sellberg considers simulators primarily as a teaching and evaluation tool and clearly demonstrates their value for reproducing complex navigational situations [2]. However, the simulator is considered primarily as a pedagogical environment, while the movement of the vessel itself is not distinguished as an independent object of quantitative analysis.

			H. Tasher et al. investigate marine simulators from technical, training and organizational perspectives and point to the increasing complexity of their systems [3]. This paper is useful for understanding a broader evaluation system, but it also proceeds from the assumption of internal simulator data availability, and does not ­address alternative ways of obtaining navigation parameters without direct access to the system.

			Modern simulators reproduce the operation of the ship's bridge. They combine the movement of the vessel, the influence of the environment and the actions of the boatmaster. Thanks to this, simulators gradually became not just educational tools, but full-fledged experimental sites where navigation processes can be studied in controlled conditions.

			Usually, such research is focused on three directions: creation and evaluation of the simulators themselves, analysis of the behavior of ship drivers and modeling of ship movement.

			There are many works devoted to the use of simulators in education and science. Reviews show that simulators are widely used to study decision-making, maneuvering, and situation assessment in difficult environments.

			These reviews also show a common limitation, namely that the issue of obtaining data usually remains within the simulator environment itself and is rarely considered as a separate methodological problem.

			The advantage of simulators is that they allow to safely reproduce rare or dangerous situations. This makes it possible to obtain data that is difficult or impossible to collect in a real voyage.

			At the same time, such studies have their own difficulties. It is necessary to correctly create scenarios, determine what exactly to measure, and correctly interpret the received data.

			Another very important difficulty in comparative or repeated studies is the dependence on the internal outputs of the simulator, its service logs or its own inter­faces, which prevents even well-planned experiments from being transferred from one platform to another.

			In most cases, the simulator is seen as an environment where the behavior of the vessel can be observed in different conditions. In parallel, the behavior of the boatmaster is also studied: how it perceives information, assesses the situation and makes decisions during its change. In recent years, special attention has been paid to the so-called non-technical skills, the level of cognitive load and the peculiarities of the distribution of visual attention.

			C. Hetherington et al. emphasize the importance of the human element in maritime safety and show that decision-making and cognitive factors often determine the outcome of navigational situations [4]. At the same time, their work does not consider the problem of obtaining quantitative data on vessel motion.

			F. Saeed et al. propose a method for assessing non-technical skills in a bridge simulator using evidential reasoning [5]. Their approach allows evaluating operator performance, but the vessel itself is treated mainly as a background for such assessment.

			O. Atik and O. Arslan use eye-tracking methods to analyze how operators interact with navigation information [6]. This makes it possible to study visual attention in detail, although the parameters of vessel motion are not analyzed independently. 

			V. Ronca et al. apply neurophysiological monitoring to assess operator state during emergency training in a full-mission simulator [7]. Their results give additional insight into cognitive load, but again focus on the operator rather than on vessel dynamics.

			To study these aspects, various methods of observing the operator's activities are used. The most common are eye tracking systems, behavioral coding methods, as well as neurophysiological monitoring, which allows assessing the operator's state while performing navigation tasks in a simulation environment. Such approaches provide valuable information about the role of the human element in the process of controlling a vessel. However, in most such studies, the dynamics of the vessel itself are secondary. In most cases, vessel motion is considered mainly as a consequence of operator decisions, while the possibility of analyzing movement parameters as an independent object of quantitative study is addressed much less often.

			Another notable line of research is related to the mathematical and physical description of ship maneuvering. The main attention in such works is paid to the development and refinement of hydrodynamic models that allow describing the motion of a ship under the influence of external factors – wind, waves and currents. As a rule, it is about constructing systems of differential equations that reflect the interaction between the engine, steering control and external forces acting on the hull.

			After formalizing the model, its parameters are refined taking into account experimental measurements or data obtained during modeling. Such models are ­widely used to analyze the maneuvering characteristics of a ship, predict its trajectory and develop algorithms for automatic motion control.

			For example, V. Frett et al. analyze maneuvering data from simulators and show that it can be used to study ship dynamics, but they rely completely on data recorded inside the simulator [8].

			H. Li et al. look at uncertainty in maneuver simulations and highlight the need for accurate parameters, although their approach still assumes access to model or simulator data [9].

			P. Pires da Silva studies how sensitive maneuvering models are to changes in parameters, showing how much results can vary. This helps to understand the models better, but does not explain how these parameters can be obtained in practice [10].

			H. He et al. describe a simulator used for testing automatic control algorithms, where the system is treated as closed and data can only be accessed through internal tools [11].

			H. Yasukawa and Y. Yoshimura present the MMG method, which is widely used to predict ship maneuvering. It provides a clear modeling framework, but assumes that all required parameters are already known or measured [12].

			J. Lee et al. propose an improved model that includes wave effects using a two-time-scale approach. This gives a more realistic description, but still depends on predefined input data [13].

			D. Kim et al. develop a CFD-based model for maneuvering in currents. It provides detailed results, but requires high computational effort and carefully prepared input data [14].

			At the same time, the source of data for such studies is most often either the mathematical models themselves or the internal telemetry of navigation simulators. As a result, the task of reconstructing navigation parameters from external observations without referring to the internal data of the system, as a rule, remains beyond the scope of these works.

			In practice, navigation data is usually taken straight from the simulator software. This is done through logs, telemetry, or built-in export tools that record parameters like course, speed, and control actions. The data is accurate, but it creates a dependency.

			Once a study uses internal simulator data, it becomes tied to that specific system. In practice, this is not always convenient. Access can be limited, poorly documented, or different from one simulator to another. Because of this, even a good experiment can be hard to repeat on another platform. Often, extra integration or custom tools are needed.

			In other fields, things are handled differently. Computer vision is already used to read data from screens in industrial monitoring, diagnostics, and control systems.

			For example, R. Smith describes the Tesseract OCR engine, which can read text directly from images and is widely used to extract data from visual interfaces [15]. This shows that even simple visual elements can be turned into structured data without internal access.

			R. Szeliski gives a general overview of computer vision methods, including how to detect objects, recognize them, and track them in images [16]. These ideas can be applied to reading interface elements on a screen.

			T. Wuest et al. show that in many industrial systems, data is taken from external observations rather than internal sources, and machine learning is used to process visual and sensor data [17].

			M. Rehman et al. review computer vision methods in construction, where system states are reconstructed from images and video, showing that visual data alone can be enough to track complex processes over time [18].

			The screen is treated as a source of information: indicators are located, their values are read, and the system state is reconstructed without using internal data.

			This approach is common in industry, but in maritime simulators it is still rare. This creates a clear gap.

			On one side, maritime research produces a lot of data about ship motion and human performance – but almost always through internal simulator logs. On the other side, computer vision already has tools that can extract the same kind of data from images – but these methods haven't really been adapted to ship simulators.

			So, in most studies, one simple idea is still overlooked: what if the simulator interface itself could be used as an independent and universal source of navigation data?

			This observation is the starting point of this work. If to change the simulator screen view, it is possible to see what it does as an operator interface. Indeed, the screen displays the current state of the ship. All instruments and indicators on the screen – steering, engine thrust, rotational speed, ambient parameters – reflect the values of the variables calculated in the simulation. The graphical elements of the interface can therefore be considered as a visible visualization of the internal para­meters of the system.

			In this interpretation, the interface acts as a structured visual space. In it, different areas of the screen correspond to specific navigation indicators, and parameters are displayed through stable graphic forms. If to analyze these interface ­elements, it is possible to reconstruct the value of the ship's movement parameters and the time change. This approach allows to receive data directly from the interface image without connecting to the internal telemetry modules of the simulator. Thanks to this, it becomes possible to conduct research even in cases where access to internal software is limited. The method proposed in the work arose at the ­intersection of two areas of research. The first is related to the use of marine simulators in scientific experiments. The second is with the development of computer vision and pattern recognition methods. By applying image recognition methods to the interface of the bridge simulator, it is automatically possible to read the readings of the devices and form synchronized time series of navigation parameters directly from the screen image. The analysis of existing studies shows that these two directions developed separately from each other for a long time. Works devoted to navigation simulators mainly focus on training of boatmasters, analysis of operators' behavior and improvement of vessel propulsion models. At the same time, methods of obtaining quantitative information from graphic interfaces of various technical systems are actively developing in the field of computer vision. Despite the apparent closeness of these ideas, their joint use in marine modelling has been virtually unaddressed.

			Therefore, the interface of the navigation simulator, although it constantly reflects a large number of parameters of the ship's operation, was not perceived as an independent source of data for analysis for a long time. However, if one considers the screen as a visual representation of the state of the model, it becomes clear that it contains all the necessary information about the dynamics of the vessel. As a result, the task of data collection actually moves from the field of software integration to the field of image analysis. The main task is to find the desired indicators on the screen, determine their location and correctly read the shown values. The possibility of such an approach is explained by the features of modern bridge simulators. Their interfaces usually have a stable structure: the devices are lo­cated in fixed areas of the screen, and their appearance during operation practically does not change. At the same time, the values of the indicators change over time in accordance with the models of ship movement. It is this stability that makes it possible to systematically analyze the information displayed on the screen.

			6.3 Navigation simulator interface as a structured visual field

			The most common approach is the use of internal digital registers and telemetry flows, which are analyzed after the simulation is complete. The trajectory, speed, trajectory and interaction with the navigation objects are removed from the respective data files to evaluate the quality of the maneuvers and compare the scenarios. This approach provides very detailed data and is related to the architecture and registration format of a particular simulation platform (Fig. 6.1). Therefore, portability between systems is very limited.

			

			[image: ]

			Fig. 6.1 Interface of the navigation simulator, selected during the experiment

			

			The second group focuses on analyzing operator behavior in the simulator. Behavioral markers, non-technical skill scores, eye-tracking data, and cognitive load actions are used to investigate decision-making and situational awareness. In this sense, the dynamics of the ship are perceived as a reflection of the operator's behavior and not as an independent object of quantitative research. The trajectory of a ship is rarely systematically analyzed.

			The third study group deals with the mathematical and physical modeling of ship movements using hydrodynamic and hydrodynamic computational equations to refine the predictions. The data from these studies are generated within a mathematical model and require a different external method of data collection.

			A significant deviation can be observed in all three methodological study groups: either internal direct access to the simulator data is assumed, or the analysis is limited to the operator's behavior. None of the existing approaches consider the visual layer of the simulator as an independent and universal data source that can provide reconstructed navigation settings without any software integration. In this context, the research results obtained on one simulation platform cannot easily be reproduced on another platform. Comparative studies of different systems require either rarely occurring standard export interfaces or specialized integration tools. The lack of an independent data collection method limits the scope of simulator research and its application in cases where internal access to the software is limited or unavailable.

			As mentioned, the simulator navigation indicators are placed in fixed and predictable areas of the screen. Each indicator has a stable graphic format. It can be a digital display, a dial, an indicator in the form of a strip or a map element. The way information is updated on the screen is an important feature. Since data updates occur sequentially and predictably, automatic screen reading of information and systematic data collection becomes possible.

			Consequently, the interface can be thought of as a two-dimensional space with coordinates (x, y) in which each visual element occupies a specific region Zi. Suppose that I(x, y, t) denotes a function describing the visual state of the interface at time t. Zi zones correspond to pi(t) parameters, each of which represents a specific aspect of the ship's condition. Therefore, the internal state of the simulator is described by the state vector S(t), which includes variables of different types – kinematic, dynamic and ecological. The display does not display the status vector completely, but only displays a subset of the variables required for navigation and control. The main purpose of the mapping method is
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			where P(t) – a subset of the internal state S(t) that can be recovered from the ­visual representation. This mapping is not active: some internal variables do not have a direct graphical counterpart, and some interface elements combine several para­meters. Therefore, reconstruction is limited to indicators with stable, unambiguous visual representations.

			For a method to work stably, it doesn't have to depend exactly on how the interface is displayed. This applies to the screen resolution, scale or graphic settings. Coordinate normalization is used for this. In other words, the surface elements are not described by exact pixels, but by the relative position on the screen. For example, if the area is in the top left corner of the screen, it will stay there even after the resolution has changed (e.g. from 1280 × 1024 to 1920 × 1080).

			This property of invariance is important to use the method on different platforms. If the two simulation systems have a similar interface structure – as is often the case with commercial bridge simulators developed according to similar principles, then the zone configuration configured for one system can be transferred to another with minimal changes. This makes the method more universal. Unlike approaches that rely on direct access to internal simulator data, it is not rigidly tied to a specific software system.

			At the same time, it is important to understand that the display of F depends on the configuration of the interface. This is a practical limitation of the method. If the interface structure changes noticeably – for example, after updating the software, when the indicator panels move or change location – the zones must be defined again. However, this approach immediately poses a practical question: how can these visual elements be systematically interpreted and converted into quantitative parameters suitable for scientific analysis? By itself, comparing the state of the interface with navigation variables gives only a general conceptual idea. In order to turn this idea into a real research tool, it is necessary to define a specific work procedure. It should allow to find the desired interface zones, interpret their graphic content and combine the obtained values into consistent sets of time-varying data.

			6.4 Method architecture and patent protection

			The proposed method is based on a simple sequence of actions, which includes four main stages: image capture, determination of the desired zone on the screen, interpretation of parameters and formation of time series (Fig. 6.2). 

			Stage 1. Image capture. The image from the simulator is fixed at equal time intervals Δt. The capture frequency is selected to match the refresh rate of the interface simulator indicators. In the experimental part, the interval Δt = 1 second (that is, the frequency of 1 Hz) was used as the base value. At the same time, the very architecture of the method allows working with a higher frequency of – up to 10 Hz, if technical conditions allow it. The resulting frames are used as downstream processing outputs.

			Stage 2. Localization of zones. Before starting work, the analyst performs a preliminary configuration of the system. For each navigation indicator to be tracked, the screen sets its own Zi zone. It is determined using normalized coordinates in the screen space. Once configured, the configuration is saved and used in all subsequent sessions. The setup process itself can be considered semi-automatic. First, the researcher manually marks the required areas on the screen, and then the system ­automatically applies this markup during further data processing.

			Stage 3. Parameter interpretation. After the zones are defined, the system analyzes their content and converts it into numerical values. The method of processing depends on the type of indicator.

			If the indicator shows the numbers – such as heading (HDG), speed relative to ground (SOG) or screw rotation (RPM) – optical character recognition is used. It simply reads the numbers displayed on the screen.

			If the indicator has the form of a scale or dial – for example, the rate of rotation (ROT) indicator or the angle of translation of the steering wheel – geometric analysis is used. In this case, the system determines the position of the arrow or marker on the scale and then calculates the corresponding value.

			Stage 4. Formation of time series. The parameter values obtained at each time point tk are combined into one set. It can be written as a vector
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			Each element of this vector corresponds to a specific navigation or control parameter that is read from the simulator interface. Such sets are formed for each moment in time. If to place them one after the other, a multidimensional time series is formed. It shows how the state of the vessel has changed throughout the simulation.
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			Fig. 6.2 Localization of information zones for reconstructing navigation parameters

			
	
			Table 6.1 shows the main parameters that were obtained during the experiments. For each of them, it is indicated exactly how it is displayed on the simulator interface and how it is used in further analysis.

			

				
					
							
							Table 6.1 Parameters obtained by the method

						
					

					
							
							Parameter

						
							
							Symbol

						
							
							Display Type

						
							
							Analytical role

						
					

					
							
							Course

						
							
							HDG

						
							
							Numeric/Dial

						
							
							Main trajectory parameter

						
					

					
							
							Heading over ground

						
							
							COG

						
							
							Numeric

						
							
							Indicator of ecological drift

						
					

					
							
							Speed over ground

						
							
							SOG

						
							
							Numeric

						
							
							Kinematic state variable

						
					

					
							
							Turn rate

						
							
							ROT

						
							
							Numeric/Dash

						
							
							Indicator of maneuver dynamics

						
					

					
							
							Propeller revolutions

						
							
							RPM

						
							
							Numeric/Dial

						
							
							Propellant state variable
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			One parameter value shows almost nothing by itself. It is much more important to see how these values change during the maneuver. Forming time series – is not just about combining data. It allows to move from individual measurements to the analysis of how the system behaves over time. It is this kind of sequence that helps to detect reaction delays, oscillations, stabilization processes and the relationship between the control actions and the ship's reaction.

			Therefore, it is very important that all parameters are linked to the same timeline. For example, changing the course, shifting the steering wheel and changing the engine speed must correspond to the same moment in time. Only in such a case can the causal relationships between the control actions and the ship's response be correctly analyzed. In the proposed method, synchronization is ensured by the fact that all parameters are read from the same image frame. Due to this, all elements of the vector P(tk) correspond to the same moment in time during the simulation.

			At the same time, the discrete nature of time series creates certain limitations. Events that occur within the same time interval Δt may not be fixed separately. However, for maneuvering analysis, this is usually not a significant problem, since such processes unfold quite slowly and their characteristic time is measured in tens of seconds. Therefore, a sampling rate of 1 Hz is sufficient in most cases.

			If it is necessary to investigate fast transients in more detail, the method allows the use of a higher sampling rate. In practice, its maximum value is limited by the speed of updating the simulator interface and the computing capabilities of the image processing system.

			Data recovery from the visual display inevitably introduces some error compared to the reference values stored in the internal simulator model. Unlike direct access to telemetry, the proposed approach recovers parameter values through graphical interpretation, and accuracy depends on display resolution, indicator format, and graphical display stability.

			Let [image: ] denote the reconstructed value of parameter I at time t, and pi(t) – its reference value within the simulator model. The instant recovery error is defined as follows

			[image: ]

			For the estimation over a given time interval, the mean absolute error (MAE) is used as the main indicator of accuracy

			[image: ]

			where N – the number of discrete observation steps in the selected interval. This indicator is insensitive to the sign, which is suitable for estimating errors in the context of navigation, where both positive and negative deviations are equally significant.

			The method described in this chapter is currently undergoing a patenting procedure. It was followed by two applications to the Ukrainian National Office for Intellectual Property and Innovation (UANIPIO):

			– invention application No. a202600852;

			– utility model application No. u202600851.

			Both applications relate to the same technical solution. It is a method of automatically obtaining the navigation and control parameters of the vessel by analyzing the image of the navigation simulator interface, without referring to its internal telemetry data. Since the patent examination procedure has not yet been completed, the text uses the standard wording: "patent application filed, examination continues". Before possible commercial use of the method, it is recommended to clarify the current status of both applications on the official register of UANIPIO. The fact that two applications were submitted is related to the nature of the decision. On the one hand, the proposed approach contains new conceptual elements, so it is perceived as an invention. On the other hand, the method has quite obvious practical applicability, so it can be designed as a useful model.

			6.5 Experimental verification and results

			The method was validated on a fully functional bridge navigation simulator. Its interface shows a complete set of navigation and technical parameters that reflect the state of the vessel during simulation.

			At the top of the interface are the main navigation indicators: heading (HDG), magnetic heading (MAG), heading relative to the ground (COG), speed (SOG), drift parameters and turning speed (ROT).

			In the central part there is a circular course indicator that shows the orientation of the vessel in space.

			At the bottom of the interface there are indicators of the speed of rotation of the propeller shaft (rpm), the angle of translation of the steering wheel, the speed of rotation and the engine controls.

			The experimental program included several maneuvering scenarios. In these scenarios, the ship's course changed according to a given plan, while the engine operating parameters changed.

			For each scenario, the parameter values recovered by the proposed method were compared with the reference values. These reference data were read directly from the simulator interface under controlled conditions. Such a comparison made it possible to calculate the indicators of the average absolute error.

			Before starting the experiments, the zones corresponding to the different indicators were adjusted for the simulator interface.

			For all the parameters shown in Table 6.1, as well as for some additional environmental variables displayed on the screen, separate observation areas were defined.

			This installation was performed once. After that, the configuration was automatically used in all subsequent experimental sessions.

			The coordinates of the zones were kept in a normalized form. Due to this, their position did not depend on the resolution of the screen. In tests where the resolution changed between different sessions, the configuration of the zones did not have to be adjusted again. This confirms the practical efficiency of the coordinate normalization approach.

			Table 6.2 summarizes the results of the assessment of the accuracy of the main navigation parameters obtained during a series of experimental tests.

			A course recovery error not exceeding 1° corresponds to the level of accuracy usually required when studying the maneuverability of a vessel and analyzing its trajectory. The error of determining the engine speed is less than 2% of the nominal value. This shows that the thrust state of the engine is reconstructed quite reliably over the entire range of modes used in the experimental scenarios.

			

				
					
							
							Table 6.2 Reconstruction accuracy of basic navigation parameters
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							Rating

						
					

					
							
							Heading (HDG)

						
							
							≤ 1.0°

						
							
							Sufficient for maneuver analysis

						
					

					
							
							Propeller RPM

						
							
							< 2% nominal

						
							
							Sufficient for motor setup research

						
					

					
							
							Rotation Rate (ROT)

						
							
							< 0.5 deg/min

						
							
							Suitable for transient analysis

						
					

					
							
							Speed Over Ground (SOG)

						
							
							< 0.2 kt

						
							
							Suitable for trajectory research

						
					

				
			


			Fig. 6.3 is a smoothed time series of vessel heading (HDG) and yaw rate (ROT) during the active phase of the maneuver. The timeline covers approximately 700 seconds and includes the stage of starting the maneuver, the turn itself and further stabilization of the movement.

			

			[image: ]

			Fig. 6.3 Time series of vessel heading (HDG) and angular rate of rotation (ROT) on the maneuver interval

			
	
			The turn rate (ROT) time series shows a well-defined maximum that appears before a noticeable change in course. This corresponds to the real dynamics of the ship's movement: first, the angular speed of the turn increases, and then the course itself begins to change rapidly. When the ROT peak occurs earlier than the maximum rate of change of course dHDG/dt is a characteristic feature of a real maneuver and at the same time is an indirect check of the correctness of the performed data reconstruction.

			There are no noticeable phase shifts or artificial fluctuations in the reconstructed time series, and this is especially important, because if such distortions occurred, it could lead to a misinterpretation of cause-and-effect relationships. For example, it might seem that the change of course occurs before the controlling influence, although in reality this is not the case. And it is possible to see that the reconstruction method does not make such mistakes.

			The time series of propeller revolutions (Fig. 6.4) at the same interval shows a gradual decrease in rotation frequency, which corresponds to the controlled transition of the vessel to a lower mode of movement. The synchronicity of the change of revolutions with the dynamics of the course and the angle of translation of the steering wheel allows analyzing the maneuver simultaneously from a kinematic and energy point of view. In other words, it becomes possible to consider the relationship between the mode of propulsion and the vessel's response to maneuver within a single coherent data set.

			

			[image: ]

			Fig. 6.4 Time series of engine speed (RPM) during the maneuver interval

			
	
			As a result of the experiments, it became clear that the proposed method allows to reconstruct navigation parameters quite stably and with reasonable accuracy, using only the image of the simulator interface. It can be applied to the analysis of maneuvering dynamics, the study of transient modes of motion and the comparison of different scenarios. At the same time, no connection to the internal software architecture of the simulator is required.

			6.6 Conclusions

			In this project, we took what is essentially a very simple idea and tested it in practice: what if, instead of digging into the simulator's inner workings, we simply read what it already displays on the screen? To do this, we used image recognition. We stopped viewing the interface merely as a picture for the navigator and began to see it as a reflection of the model's internal state. Course, rudder angle, RPM – all of this is already right before our eyes. We just need to interpret it correctly. As it turned out, the approach works.

			The main motion parameters are reconstructed quite reliably even without access to telemetry. The time series does not fall apart, events occur in the correct order, and the ship's behavior can be tracked dynamically. According to the experimental results, the sampling rate reached approximately 10 Hz, and the error remained within about 1° for the heading and up to 2% for the propeller RPM. For practical tasks, such as maneuver analysis or trajectory estimation, this is more than sufficient.

			If to look at the bigger picture, the difference from typical approaches is quite noticeable here. Usually, a researcher connects to the simulator's internal mechanisms and retrieves logs, telemetry, or service channels. This is convenient, but there's a catch. Everything is tightly tied to a specific system. A different simulator means a new integration. Here, the situation is different. We don't connect to anything; instead, we work with what's already been exposed externally. Therefore, the method is easier to port between platforms. Essentially, it's not the tool that changes, but only the interface.

			Of course, there are limitations. It all depends on how stable the interface is. However, if the layout of the elements changes, the system must be reconfigured. There is also a dependency on image quality, as a lack of sharpness or low resolution can affect accuracy, although this is not usually a critical issue under real-world conditions.

			An important point is that this approach does not replace traditional methods of data collection. In other words, direct access to telemetry remains the simplest method, but if such access is unavailable or restricted, the option of screen reading becomes a perfectly viable alternative. This makes it possible to capture a consistent data set without interfering with the system software.

			Looking at the bigger picture, the idea itself is interesting. Image recognition is usually associated with monitoring and diagnostics, but can also be used in experimental studies. In ship simulators, the interface is generally viewed as something for the human user, although it is actually data-level and quite extensive.

			And this opens up scope for development. For example, it is possible to remove the manual configuration and train the system to find the necessary elements on the screen itself; it is possible to increase the processing frequency.

			Overall, the main result of this work is that navigation data does not necessarily have to be taken from inside the simulator. It can be reconstructed from what is already visible. This makes experimental work simpler, more flexible, and less dependent on a specific system.
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			CHAPTER 7

			BPMN as a tool for adaptive support of pattern recognition and digital diagnostic results in remediation and post-crisis recovery
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			Abstract

			In the monographic study, a comprehensive analysis of the potential of BPMN 2.0 (Business Process Model and Notation 2.0) as a tool for adaptive support of pattern recognition results and digital diagnostics in the processes of remediation and post-crisis recovery of objects and territories is presented. The relevance of the topic is due to the fact that modern systems of monitoring, remote sensing, computer vision, and intelligent analytics are capable of promptly identifying the consequences of emergency events of natural and technogenic nature, namely: damage to infrastructure objects, contamination of territories, and other crisis consequences. However, at the same time, a managerial and organizational-technological gap often remains between the digital detection of a problem and the actual implementation of reconstruction and remediation measures. In this context, BPMN (Business Process Model and Notation) is proposed to be considered as a process tool that is capable of ensuring the formalization, routing, as well as coordination of further managerial actions based on the results of digital diagnostics. In the monograph, the concept of adaptive support is substantiated, within the framework of which pattern recognition results are interpreted as a basis for launching a managed process of identification, verification, refinement, expert evaluation, selection of an appropriate response protocol, as well as resource and logistical support with subsequent verification of the results of the implemented remediation measures. The authors pay particular attention to the process of handling information with varying degrees of uncertainty, which is associated, among other things, with the probabilistic nature of AI (Artificial Intelligence) outputs, including the use of confidence thresholds, escalation mechanisms, as well as repeated data collection and feedback. The monograph substantiates that the application of BPMN (Business Process Model and Notation) makes it possible to link the analytical layer of digital diagnostics with the operational layer of remediation into a unified process logic, thereby increasing the level of transparency, traceability, as well as coordination of actions of key agents and stakeholders.
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			7.1 Introduction

			It should be noted that in the first quarter of the XXI century post-crisis recovery of territories is increasingly determined by the ability of management systems to operationally transform fragmented data into coordinated managerial actions. This is due to the fact that modern risks have a systemic and cascading nature, simultaneously affecting infrastructure, the natural environment, supply chains, institutional mechanisms, and social resilience.

			For this reason, the tasks of remediation and post-crisis recovery can no longer be considered as a set of disparate organizational and technical measures. On the contrary, they imply the integration of diagnostic, analytical, organizational, and execution contours into a unified logic of developing and implementing effective managerial decisions. Thus, in the published documents of UNDRR (United Nations Office for Disaster Risk Reduction), in particular in the Global Assessment Report, it is emphasized that modern risks propagate across sectors and territories, and effective loss reduction requires the evolutionary development of management systems and a transition to more coordinated models of coordination [1]. In this context, the search for such instruments that are capable of ensuring a controlled transition from the digital identification of damage to the actual implementation of recovery and remediation measures acquires particular significance.

			Additional relevance to the topic is provided by the rapid development of remote sensing, satellite monitoring, computer vision, and intelligent analytics. Modern operational observation systems already make it possible to map natural and technogenic threats, identify damage to buildings and other objects, assess the condition of infrastructure, and record crisis changes across large territories. NASA (National Aeronautics and Space Administration) emphasizes that Earth satellite data are used to map natural hazards and reduce damage from floods, fires, and other disasters, while ARSET (Applied Remote Sensing Training) programs demonstrate their practical application for disaster risk assessment, resilience provision, and humanitarian monitoring. In turn, CEMS (Copernicus Emergency Management Service) already provides cartographic support for the management of natural and anthropogenic emergencies, humanitarian crises, as well as tasks of post-conflict recovery and reconstruction planning. This indicates that the technological base for the operational acquisition of digital information on the nature of damage and the spatial distribution of consequences has already been formed. At the same time, the availability of diagnostic data in itself does not yet guarantee their effective transformation into a sequence of managerial and logistical actions [2–5].

			Practice shows that one of the key barriers in the management of crises and emergencies remains the gap between the stages of damage detection and the implementation of managerial decisions for consequence elimination and remediation. Even in the presence of high-quality results of pattern recognition, a number of unresolved issues still remain, related to their verification, prioritization, alignment with regulatory protocols, allocation of actually available resources, involvement of experts in selecting the optimal scenario, and re-validation of results after the completion of the remediation work complex.

			The situation is further complicated by the fact that the outputs of AI (Artificial Intelligence) models often retain a probabilistic nature and are quite sensitive to domain shifts, the type of disaster, the specific features of the territorial distribution of damaged objects, and the characteristics of the input data. Thus, studies based on xBD/xView2 confirm that automated damage assessment of buildings using satellite imagery is a significant direction for disaster response and recovery, however, it requires unified damage scales and more precise interpretation of results. The analysis of recent scientific works also demonstrates the fact that the generalization capability of models to new challenges and threats of a hybrid nature still remains limited, whereas adaptive methods yield better results when the disaster context is taken into account. Consequently, for remediation tasks, not only the recognition algorithm itself is of fundamental importance, but also the process mechanism of supporting its result under conditions of uncertainty [6–10].

			It is precisely in this, in the opinion of the authors of the monograph, that the study and practical significance of BPMN (Business Process Model and Notation) lies. According to the specification of Object Management Group (Object Management Group), BPMN is a formal standard for business process modeling that ­combines clarity for stakeholders with a level of precision sufficient for translating diagrams into software process components.

			This makes BPMN potentially suitable for constructing an end-to-end logic of coordination in complex interagency and multivector remediation processes, especially in situations of elimination of emergencies of natural and technogenic nature, where it is necessary to manage not only the sequence of actions, but also exceptions, multivariant scenarios, events, the alignment of various organizational, economic, technical and other decisions, as well as the necessity of direct participation of authorized persons within the management loop. Studies on process organization in crisis situations indicate the BPMN advantages and the expediency of its combination with CMMN (Case Management Model and Notation) and DMN (Decision ­Model and Notation) for the purpose of supporting more flexible knowledge-intensive scenarios. Therefore, an in-depth study of BPMN not as a recognition tool, but as a tool for adaptive support of digital diagnostics results appears logical and method­ologically justified. The practical value of such an approach consists in overcoming the fragmentation of digital crisis management contours through process logic that allows for data refinement, repeated data collection, expert verification, and context-dependent case routing. No less important additional advantage remains the possibility of its validation based on open data from Copernicus Emergency Management Service, xBD/xView2, and SpaceNet 8 [11–14].

			The objective of the study is to substantiate BPMN as a tool for adaptive support of pattern recognition results and digital diagnostics in remediation and post-crisis recovery processes. To achieve the stated objective, it is necessary to solve three interrelated tasks. Firstly, to reveal the specifics of the managerial gap between the digital identification of consequences of emergencies of various nature and scale and the actual implementation of recovery measures, as well as to determine the place of Pattern Recognition results and digital diagnostics within the overall architecture of managerial decision-making in the remediation of affected objects and territories. Secondly, to substantiate the possibilities of using BPMN for the purpose of formalizing routes of verification, escalation, coordination, and control under conditions of uncertainty of AI outputs. Thirdly, to identify the practical applicability of the proposed approach for constructing controllable digital response contours and to outline the possibilities of its verification based on the composition of open benchmark datasets, crisis geodata, and process metrics for evaluating orchestration.

			The solution of these tasks will make it possible to clarify the theoretical foundations of process orchestration of digital diagnostics and, at the same time, to enhance the practical applicability of BPMN in complex scenarios of remediation and post-crisis recovery.

			7.2 State of the study of the problem and literature review

			First of all, it should be emphasized that the state of the study of the problem under investigation is characterized by a fairly high degree of fragmentation. Thus, the scientific literature widely presents studies on process modeling, digital diagnostics of the consequences of emergency events of a crisis nature, remote sensing, and automated assessment of incurred damage; however, their integration into a unified logic of adaptive support of recognition results for the tasks of remediation and post-crisis recovery remains rather limited. It should be noted that the theoretical and methodological layer directly related to BPMN as a standard for business process modeling has been studied and developed in sufficient depth. The OMG specification establishes BPMN as a generally accepted notation oriented simultaneously toward comprehensibility for all key agents and stakeholders and, at the same time, toward sufficient formal precision for translation into software process components. According to the conviction of the authors of the monograph, it is precisely this dual nature of BPMN, as well as the combination of visual transparency and formal certainty, that has determined its wide dissemination in the tasks of regulation, automation, and coordination of processes in various subject areas [8, 11].

			At the same time, studies show that classical BPMN is most effective in cases where the process can be represented as a relatively structured flow of actions. Under conditions of emergencies and weakly predictable scenarios of event unfolding, procedural logic alone often proves insufficient, which has led to increased interest in the combined use of BPMN, CMMN, and DMN. Within such a combination, BPMN makes it possible to ensure flow orchestration, CMMN provides case-oriented flexibility, and DMN supports managerial decision-making. As noted in their scientific work by Niemz, Gehrke, and Ruhland, it is precisely such an integrated architecture that is better adapted to the changing conditions of crisis situations than the isolated application of a single notation. A similar conclusion is also contained in studies on adaptive case management in emergency response, where it is emphasized that hybrid process models make it possible to adapt execution more rapidly to the development of an incident while simultaneously preserving controllability under conditions of increasing uncertainty [8].

			Another significant body of the study is associated with the digital diagnostics of the consequences of crisis phenomena of natural, technogenic, and military nature based on remote sensing, computer vision, and Pattern Recognition methods. In recent years, this direction has advanced substantially due to the development of open datasets and benchmark platforms. Of particular importance is the xBD dataset, created as a large-scale open resource for change detection and building damage assessment in the interests of humanitarian assistance and disaster recovery. The authors of xBD emphasize that after the occurrence of emergency events, rapid assessment of the actual condition and incurred damage, as well as logistical planning of evacuation, delivery, and distribution of resources, are critically important. In this context, satellite imagery in combination with computer vision is capable of significantly reducing the burden on physical verification through inspection. Additionally, SpaceNet 8 makes it possible to expand this approach by integrating tasks of recognition of buildings, roads, and other objects, thereby extending the horizon of functional capabilities not only to damage detection but also to the analysis of post-crisis response and the successful remediation of affected territories [11].

			In contemporary science, the capabilities of tools for the primary digital identification of damage and environmental changes associated with the occurrence of emergency events have been studied in considerable depth. Thus, operational platforms such as CEMS confirm that, in practice, a mature infrastructure for obtaining open geospatial data for emergency response, risk, and recovery mapping has already been formed. In particular, Copernicus Emergency Management Service explicitly indicates that recovery mapping is used for the purposes of supporting recovery process management, reconstruction planning, agricultural and natural area recovery, as well as the formation of post-crisis resilience [15]. The above makes it possible to conclude that the layer of digital diagnostics and spatial documentation of damage is, in general, significantly more developed than the layer of subsequent process support of the obtained results [16, 17].

			A separate direction of scientific literature is associated with the study of the problems of applying remote sensing and spatial methods for the assessment of pollution and environmental monitoring, which are directly related to the processes of elimination of contamination of various nature and the implementation of remediation measures. Publications of USGS (United States Geological Survey) and contemporary review studies show that remote sensing can be used for the identification of residual contamination, the assessment of vegetative stress as a proxy indicator of pollution, the mapping of hotspot zones, and the support of environmental decision-making in affected territories. Recent works on monitoring soil contamination and technogenic impacts confirm that geodata and machine learning methods significantly expand the horizon of environmental diagnostics capabilities; however, in most cases they still remain tools of observation and analytics rather than elements of a formalized process for translating results into specific managerial actions. Consequently, within the environmental and remediation contour, the same pattern manifests as in the field of disaster damage assessment: diagnostics develops faster than the process orchestration of its results [18–22].

			In addition, one of the significant directions of in-depth scientific research is constituted by publications on process mining and data-driven ­approaches in the context of process execution analysis. The BPI Challenge and the open event logs associated with it have effectively formed a benchmark environment for testing methods of process mining, predictive monitoring, and bottleneck analysis. According to the view of the authors of the monograph, the significance of this direction within the raised problem lies in the existence of an already established apparatus of metrics and approaches for evaluating the actual behavior of processes, including delays, deviations, repeated actions, and bottlenecks in the implementation of operations. At the same time, a comprehensive survey of publications on this topic has revealed the fact that available benchmark logs, as a rule, relate to banking, administrative, medical, and other organizational ­processes, rather than to the elimination of the consequences of emergency events and subsequent remediation, and not to the support of AI results in crisis systems. Consequently, the methodological toolkit for evaluating orchestration already exists, whereas the domain-specific event base for remediation remains practically undeveloped [23, 24].

			An important layer of contemporary research is constituted by publications reflecting issues related to HITL (Human-in-the-Loop) and human oversight in high-risk AI systems. Thus, studies emphasize that in high-stakes domains a human must retain control over critical decisions, while AI acts as a means of supporting them. Within the logic of the present monographic study, this is of fundamental importance, since the results of pattern recognition in crisis diagnostics often have a probabilistic nature and require verification, refinement, and contextual interpretation. At the same time, the literature on HITL predominantly develops within the framework of AI governance, explanation, reliability, and decision support, rather than within the framework of formalized BPMN orchestration of the full incident life cycle – from recognition to the completion of the remediation case [25–28].

			Thus, a comprehensive analysis of literary sources makes it possible to draw several generalizing conclusions. In contemporary science, such directions as process modeling based on BPMN, hybrid crisis management models BPMN/CMMN/DMN, digital damage assessment based on satellite data, open crisis geodata, and process mining methods have already been sufficiently well developed. To a significantly lesser extent, the question of how the probabilistic result of Pattern Recognition and digital diagnostics can be transformed into an adaptively supported, verifiable, and controllable process of remediation and post-crisis recovery has been studied. At least four bottlenecks remain that require in-depth investigation: the absence of a domain-specific orchestration model of recognition results for remediation, insufficient elaboration of process handling of uncertainty of AI outputs, weak integration of HITL into executable process contours, and the absence of a direct open benchmark for the verification of such hybrid systems. It is precisely the combination of these gaps that forms a research niche for further substantiation of BPMN as a tool for adaptive support of pattern recognition results and digital diagnostics in remediation and post-crisis recovery [8, 11, 17, 25]. 

			The results of the problem-oriented analytical cross-section are presented ­below in Table 7.1.

			

				
					
							
							Table 7.1 Degree of study of the problem by blocks across research directions

						
					

					
							
							Research Direction Block

						
							
							Repre­sentative Sources

						
							
							What Has Been Studied to Date

						
							
							Bottlenecks / What Has Been Insufficiently Studied

						
							
							Theoretical Maturity (0–5) 

						
							
							Practical Development (0–5)

						
					

					
							
							BPMN as a process modeling standard

						
							
							OMG BPMN 2.0 (2010–2013)

						
							
							Formal notation, semantics of elements, modeling and automation of processes

						
							
							The role of BPMN in supporting probabilistic AI outputs is insufficiently disclosed

						
							
							5

						
							
							5

						
					

					
							
							BPMN in crisis and weakly predictable scenarios

						
							
							Niemz, ­Gehrke, ­Ruhland (2021)

						
							
							Application of BPMN for crisis situations and coordination of actions

						
							
							Insufficient number of cases for remediation and post-crisis recovery

						
							
							3

						
							
							2

						
					

					
							
							Integration of BPMN + CMMN + DMN for adaptive management

						
							
							Niemz et al. (2021) and related works

						
							
							Hybrid management of structured and unstructured scenarios, decision support

						
							
							Insufficient adaptation to supporting Pattern Recognition results

						
							
							4

						
							
							2

						
					

					
							
							Pattern Recognition / Computer Vision for damage assessment

						
							
							Gupta et al., xBD (2019)

						
							
							Damage recognition, change detection, building damage assessment

						
							
							Recognition results are not translated into formalized process support

						
							
							4

						
							
							4

						
					

					
							
							Open benchmark datasets for crisis visual diagnostics

						
							
							xBD, xFBD, SpaceNet 8

						
							
							Benchmark evaluation of damage detection, changes, infrastructure disruptions

						
							
							No benchmark linkage with decision orchestration and closure of remediation cases

						
							
							4

						
							
							4

						
					

					
							
							Open crisis geodata and recovery ­mapping

						
							
							Copernicus EMS

						
							
							Emergency, preparedness, and recovery mapping, damage assessment products

						
							
							Geodata are weakly integrated into executable BPMN contours of adaptive support

						
							
							4

						
							
							4

						
					

					
							
							Process mining and benchmark culture of event logs

						
							
							BPI Challenge, Process Mining Task Force

						
							
							Methods of execution analysis, bottlenecks, rework, deviations, process performance

						
							
							Absence of open remediation / case-orchestration event logs

						
							
							5

						
							
							4

						
					

					
							
							HITL in high-stakes AI 

						
							
							Contemporary HITL studies

						
							
							Human control, expert verification, oversight

						
							
							Weak formalization of HITL integration into BPMN remediation contours

						
							
							3

						
							
							2

						
					

					
							
							Integration of AI diagnostics and process orchestration

						
							
							Related works on workflow and crisis management

						
							
							Partial linkage of analytics, workflow, and decision support

						
							
							No stable end-to-end model of adaptive orchestration

						
							
							2

						
							
							1

						
					

					
							
							Adaptive support of pattern recognition results and digital diagnostics in remediation and post-crisis recovery

						
							
							Direct scientific sources not identified

						
							
							Only related conceptual and applied foundations are available

						
							
							Absence of an integral model, mature terminology, and direct benchmark

						
							
							1

						
							
							0–1

						
					

				
			

			Note: Evaluation scale: 0 – practically not represented; 1 – isolated formulations; 2 – fragmentarily studied; 3 – moderately studied; 4 – well studied; 5 – comprehensively studied / standardized / supported by developed practice. Representative blocks of the table are based on the BPMN standard of the OMG, open disaster benchmarks xBD and SpaceNet 8, recovery mapping of the Copernicus Emergency Management Service, and the benchmark culture of process mining


			7.3 Conceptual foundations of adaptive support of pattern recognition results by BPMN means

			The conceptual idea of adaptive support of Pattern Recognition results by BPMN means should be presented based on the distinction between the very fact of digital recognition and the subsequent management based on these results. It refers to the fact that in crisis and post-crisis scenarios, pattern recognition forms a diagnostic conclusion regarding the nature and scale of damage, contamination, change of an object and/or territory, as well as other anomalies; however, such a conclusion is not yet identical to a managerial decision. It is precisely for this reason that the result of Pattern Recognition should be considered not as the final point of analytics, but as an input to a subsequent process of verification, routing, and coordination of further managerial actions undertaken. In this sense, adaptive support means the organization of a controlled life cycle of the recognition result – from its initial fixation to the closure of the case after the implementation of remediation, reconstruction, and other recovery measures [11, 17, 29].

			The basic logic of the proposed approach is grounded in the BPMN perception as a formal standard for process description that combines comprehensibility for all agents and stakeholders with semantic precision sufficient for software implementation. By virtue of this, BPMN may be considered as a process framework which, based on the results of digital diagnostics, makes it possible to structure an organized logic of subsequent managerial actions. The first conceptual foundation of the approach thus lies in the differentiation between the analytical layer and the orchestration layer; at the same time, BPMN does not substitute the AI model, but ensures the management of the subsequent remediation process within the decision-making system [29, 30].

			The second foundation is related to the probabilistic nature of Pattern Recognition results. As demonstrated by publicly available benchmark datasets, in particular xBD, post-crisis damage assessment based on satellite data depends on the quality of input data, the disaster context, and the structure of damage classes. Consequently, the recognition result must be interpreted not only in terms of its content, but also in terms of the level of confidence, completeness, and contextual relevance, and the process support system must distinguish at least three situations: sufficient confidence for automatic transition to action, intermediate confidence – for additional verification, and insufficient confidence – for escalation, repeated data collection, or deferred decision-making [11].

			The third conceptual foundation lies in the fact that adaptive support should not be reduced to a linear workflow as such. Thus, if the result of pattern recognition enters the system as a signal of a potential incident (for example, a destroyed infrastructure object, a contaminated territory, etc.), then in this case the subsequent logic must take into account not only the type of detected pattern, but also the context of its occurrence, key priorities, temporal and resource constraints, regulatory requirements, as well as the necessity of participation of specific actors (including experts, military personnel, and other specialists). Consequently, at the center of the model there should be not a rigid scenario, but a controlled case routing that provides for deviations, returns to previous stages and operations, possible branching options, as well as repeated verification cycles. Within this logic, BPMN acts as the core of the structured part of orchestration, whereas adaptability is ensured through event-based logic, gateways, as well as subprocesses and tasks of specific actors of the remediation process and stakeholders with the integration of external rules. From this perspective, adaptive support is interpreted by the authors as a process mode in which the result of pattern recognition is not automatically accepted as a final basis for a specific managerial action, but passes through a contour of additional refinement, evaluation and forecasting, as well as selection of the further path and control of execution of a specific remediation scenario.

			It should be noted that a key principle of the model proposed by the authors is the event-driven nature of interaction between the diagnostic and execution contours. Thus, within this logic, the Pattern Recognition result should enter the BPMN process not in the form of an abstract report, but as a structured event that reflects the type of pattern with geospatial reference, determination of the confidence level based on actual data sources, time of detection, and a preliminary assessment of the priority class. It is precisely this that makes it possible to automatically initiate the process of elimination of the consequences of an emergency event, trigger the corresponding subprocess, or embed a new case into an already operating management contour.

			According to the authors of the monograph, the principle of multi-level data verification is no less important. Thus, in high-risk and post-crisis domains, it is unacceptable to build the entire management cycle on a single digital output without verifying its level of reliability. Therefore, in the proposed model, at least automatic verification according to a set of rules is provided, as well as the possibility of verification through the use of additional data sources and/or expert evaluation. In this regard, Human-in-the-Loop (HITL) occupies a special place in this logic as an institutionalized point of process escalation, namely: human participation acts as an embedded element of adaptive support of the remediation process management.

			In addition to the above, no less significant is the principle of context dependency of the post-crisis management process. Thus, the same recognition result may require different responses depending on the type and scale of contamination, characteristics of the territory, accessibility of the area for the implementation of remediation measures, weather conditions, availability of laboratories, reagents, secondary risks of contamination or its scaling, as well as existing regulatory constraints. In this regard, the BPMN process must not only record the presence of identified patterns, but also correlate them with the parameters of the domain context. This determines the expediency of the architecture proposed by the authors, in which BPMN is responsible for the entire complex of remediation measures, while the decision layer or rule-based logic determines the conditions for route selection, threat level, and type of response protocol. For the domain of remediation and post-crisis recovery, such logic is of particular importance, since the corresponding processes are multi-stage and, in a number of cases, rather long-term. Consequently, BPMN as a tool of adaptive support must ensure not a one-time switch to a specific managerial action, but the maintenance of the management case throughout several phases – from the initial assessment of contamination to confirmation of the effect of the implemented remediation measures complex.

			From this follows the principle of a closed loop, which consists in the fact that adaptive support of the remediation management process must be completed by repeated acquisition of digital data, their comparison with the initial state of the affected object, and fixation of the achieved result. In generalized form, such a model includes six basic stages, namely: registration and structuring of the Pattern Recognition result; initial assessment of the level of its confidence and criticality; selection of the verification route; assignment of tasks and coordination of response/remediation actions; monitoring of the execution of the complex of works for elimination of the consequences of the emergency event; repeated digital verification and case closure.

			As a result of a comprehensive analysis, the authors of the monograph have established that the availability of open benchmark datasets for recognition of damage incurred as a result of emergency events, geospatial recovery products, and process metrics for evaluating the execution of remediation operations makes it possible to consider this model as not only theoretically substantiated, but also potentially verifiable within a compositional research framework [8, 29, 31].

			The scheme presented above reflects an architecture in which the result of pattern recognition is presented not as a final analytical product, but as an input to a controlled process of supporting the remediation of an affected object or territory. Thus, at the initial levels, data from heterogeneous sources are accumulated and integrated, after which the Pattern Recognition layer generates a primary digital output regarding the characteristics of damage, its parameters, associated risks, etc. This output is then transformed into a structured event containing the type of pattern, geospatial reference, determination of the confidence level, a list of data sources, as well as key priorities and constraints, which makes it possible to embed digital diagnostics into an executable management contour.

			The central element of the model is the BPMN contour of adaptive support of the remediation process, within which case registration, assessment of the level of its criticality and data reliability, selection of the scenario/route of further actions, additional verification, or expert evaluation are carried out. As mentioned earlier, Human-in-the-Loop in the proposed architecture acts as an embedded component rather than an external addition, since the participation of experts (including military personnel, technical specialists, etc.) ensures confirmation, refinement, or rejection of the obtained AI output. After that, the BPMN contour makes it possible to link the analytical data layer with practical actions for the elimination of the consequences of an emergency event, while ensuring the selection of an optimal remediation scenario with subsequent coordination of process participants and control of its execution.

			The execution layer encompasses all participants of the remediation process who interpret the data of digital diagnostics, namely: contractors, regulators, military personnel, technical specialists, logistics operators, laboratory staff, expert groups, etc. Of fundamental importance is the feedback verification layer, which closes the architecture into a complete controlled cycle. Thus, after the implementation of the complex of remediation measures, repeated monitoring and comparison of the state of the affected object/territory according to the "before/after" scheme are carried out. At the same time, full case closure is permitted only after confirmation of the achieved restoration effect, which ensures the result-oriented nature of the model. Finally, the concluding level is the formation of a digital passport of the object/site, reporting, as well as the accumulation of lessons learned. In this context, process mining and process analytics create the basis for subsequent final evaluation of orchestration effectiveness and improvement of the remediation management system.

			The conceptual architectural scheme is presented below in Fig. 7.1.

			It should be emphasized that the Digital Passport of the affected object or terri­tory is one of the central results of the architecture proposed by the authors, since it is precisely it that makes it possible to interlink digital diagnostics, remediation/recovery actions, the results of repeated data verification, institutional memory, and the reuse of the body of information from various sources upon the occurrence of new emergency events. Within the framework of this model, it is advisable to interpret it as an integral digital artifact of the state, the entire history of interventions, and the verified result for a specific spatial remediation unit. In other words, it is a specific structured, spa­tially referenced digital object in which both its initial and current state are re­corded, the results of digital diagnostics, the entire history of interventions related to the elimination of the consequences of an emergency situation, information on the implemented remediation scenarios, the results of the conducted post-verification, as well as the current status of operational suitability, level of risk and/or restrictions. Thus, the Digital Passport ensures full digital traceability of all stages of management, namely: from the identified damage or contamination to the confirmed result of the implemented complex of remediation measures, accumulates institutional memory, supports intersystem exchange between GIS and the BPMN platform, as well as monitoring systems and analytical contours. At the same time, it also forms the basis for repeated monitoring, reassessment of the level of risk, and the initiation of a new remediation process cycle in the event of emergency situations.
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			Fig. 7.1 Conceptual architecture of adaptive orchestration 
of pattern recognition results using BPMN

			

			From the perspective of the architecture of BPMN contours, the Digital Passport of the territory is interpreted by the authors as the final artifact of the closure stage of the remediation process of the affected object, which is formed after the completion of the full cycle of adaptive support. At a minimum, it should include the identifier of the object or affected territory, the type and nature of consequences, geometry and coordinate reference, the results of Pattern Recognition and digital diagnostics, the confidence level and verification status, information on the BPMN support route, as well as the list of implemented cleaning and recovery measures, the results of ­repeated verification, the current status of the remediation object, the presence of operational risk, as well as related digital artifacts. In the context of practical implementation, the basic format of its representation may be GeoJSON with an extended set of attributes, which it is advisable to supplement with structured JSON schemas for the purpose of integration with external services. For these purposes, it is also possible to use JSON-LD (JavaScript Object Notation for Linked Data) or RDF (Resource Description Framework). Unlike a one-time report, the Digital Passport should be considered as a dynamically updated digital object with its own life cycle – from creation and phased enrichment to final validation, reuse, and revision under new crises.

			Thus, it acts not as a secondary appendix to the BPMN contour, but as its substantively significant outcome and, at the same time, as a mechanism for consolidating the verified state of the territory. The generalized vision of the structure of the Digital Passport of the territory is presented in Table 7.2.

			The structure presented above demonstrates the fact that the Digital Passport of the territory should be considered as a final digital artifact that makes it possible to integrate spatial, diagnostic, process-related, and verification information about the affected object, including the site on which it is located. It records not only the initial incident, but also the full cycle of adaptive support – from case registration to confirmation of the result of the complex of implemented operations – while ensuring traceability of managerial decisions made, transparency of implemented measures, and accumulation of institutional memory. Due to the possibility of phased updating, the Digital Passport may be suitable not only for reporting, but also for reuse in the event of other crisis situations.

			Summarizing all of the above, it may be argued that the most significant aspect, in the opinion of the authors, is the possibility of managing the level of uncertainty, ­namely: the presence of a confidence score means that the system can change the case route depending on the level of confidence, context, and criticality of the incident, ­rather than being limited to the binary scheme "recognized/not recognized". Therefore, in the case of an insufficient confidence level, the process must provide for additional verification, expert involvement, and/or repeated data collection. Such an approach makes it possible to bring the case from the recognition stage to the selection of a protocol, the launch of the resource-use process, repeated verification, and formation of the Digital Passport of the site, which gives the idea of end-to-end orchestration both theoretical and practical validity. The next logical step of the study is the routing scheme by confidence level (Fig. 7.2).

			

				
					
							
							Table 7.2 Structure of the digital passport of the territory

						
					

					
							
							Passport Element

						
							
							Characteristics / Composition of Information

						
							
							Source of Formation

						
							
							Stage of Update

						
					

					
							
							Identification Block

						
							
							Identifier of the passport and the site, type and functional purpose of the territory

						
							
							BPMN-system, GIS, object registries, planning documentation

						
							
							Creation of the passport; upon status change

						
					

					
							
							Spatial Block

						
							
							Coordinates, contour, ­geometry, and spatial localization of the site

						
							
							GIS, satellite data, Copernicus Emergency Management Service, local geodata

						
							
							Creation; refinement during repeated verification

						
					

					
							
							Crisis Impact Block

						
							
							Type of incident, date of ­detection, source of the primary signal

						
							
							Event layer, AI/ML system, UAVs (Unmanned Aerial Vehicles), sensors, external reports

						
							
							Initial case ­registration

						
					

					
							
							Diagnostic Block

						
							
							Type of identified pattern, class of damage/contamination, results of digital diagnostics

						
							
							CV pipeline, AI/ML-model, analytical layer

						
							
							Initial registration; repeated diagnostics

						
					

					
							
							Confidence and Verification Block

						
							
							Confidence level of the output, confirmation status, expert conclusions

						
							
							CV pipeline, BPMN/DMN,  expert verification

						
							
							Verification; repeated assessment

						
					

					
							
							Prioritization and Routing Block

						
							
							Case criticality, selected BPMN support branch, assigned response protocol

						
							
							DMN, rule engine, BPMN engine, expert decisions

						
							
							After initial assessment; upon route revision

						
					

					
							
							Execution Block

						
							
							Involved participants, ­resources, list of ­implemented measures, implementation timelines

						
							
							Operational systems, BPMN tasks, case ­records, contractor reports

						
							
							During execution

						
					

					
							
							Re-verification Block

						
							
							Results of post-remediation control, comparison of "­before/after" states

						
							
							Repeated monitoring, GIS, CV pipeline, laboratory data

						
							
							After completion of measures

						
					

					
							
							Current Status of Territory Block

						
							
							Current state of the site, residual risk, usage restrictions

						
							
							BPMN closure logic, monitoring layer, expert assessment

						
							
							Upon case closure; upon repeated update

						
					

					
							
							Archival-­Documentary Block

						
							
							Versioning, chronology of ­updates, case opening/­closure/reopening

						
							
							BPMN engine, event log, metadata layer

						
							
							At all stages of the life cycle

						
					

					
							
							Historical-Analytical Block

						
							
							Versioning, history of ­changes, case status, analytical notes and conclusions

						
							
							Event log, metadata layer, process mining outputs, expert analysis

						
							
							At all stages; especially upon case closure
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			Fig. 7.2 Routing scheme of pattern recognition results by confidence level

			

			This scheme reflects the key principle of adaptive support of Pattern Recognition results, which consists in the fact that the subsequent routing of the case is determined not only by the type of identified pattern, but also by the level of confidence of the digital output. In this sense, the confidence score acts as a central process trigger that determines the nature of subsequent managerial actions.

			Thus, at a high level of confidence, the recognition result may serve as a basis for an automated transition to the selection of a response protocol, coordination of allocated resources for the elimination of consequences of the emergency event, and the initiation of remediation/recovery actions. A medium level of confidence reflects an intermediate zone of uncertainty, within which procedures of additional verification are initiated – re-analysis of data, involvement of alternative data sources, as well as additional data collection and comparison with the geocontext. After that, the case is transferred either to the automated or to the expert branch. A low level of confidence excludes the automatic initiation of actions and requires urgent response: expert escalation, repeated data collection and/or additional diagnostics, that is, the transition of the process into a more controlled mode. Regardless of the initial routing branch, the process must remain closed-loop, and the result – strategically oriented toward priorities. After the selection of the response protocol, coordination of resources, and execution of the complex of remediation measures, monitoring must be carried out, followed by repeated digital verification, and only then – case closure. This makes it possible to shift management from the mode of reaction to a signal to the mode of confirmation of the achieved effect, which is especially important for remediation and post-crisis recovery.

			Thus, the scheme not only illustrates branching by confidence levels, but also fixes the central idea of the study: the recognition result must be supported in a process-driven and adaptive manner up to the moment of confirmed case completion.

			7.4 Synthesis of open benchmark foundations for verification of the proposed model

			It should be noted that the panoramic scientific exploration conducted by the ­authors of the monograph revealed that no direct separate benchmark specifi­cally for BPMN orchestration in remediation was identified. However, a strategy for proving the authors' concept through a composite benchmark consisting of three open contours is entirely realistic: a benchmark for damage recognition, open crisis geodata, and benchmark/event logs for process mining.

			Thus, the three-layer composite benchmark consists of:

			– a benchmark for damage/contamination recognition;

			– an open contour for crisis/recovery geomonitoring;

			– a benchmark/event log for process orchestration, adaptation, and execution analysis.

			Direct Layer for Pattern Recognition. One of the most relevant benchmarks is xBD/xView2. xBD is positioned as a large open dataset for change detection and building damage assessment in humanitarian response and disaster recovery. Thus, the article on xBD [11] directly emphasizes the connection with damage assessment, logistics/resource planning, and post-crisis use. The xView competition series by DIU (Defense Innovation Unit) was generally created as a series of competitions that benchmark computer vision algorithms for real humanitarian and disaster tasks, which correlates with the input layer "pattern recognition results" [32].

			The second comprehensive source is the description of SpaceNet 8 [33–35]. It was collected as a benchmark for identifying flooded roads and buildings, and combines building detection, road extraction, and flood detection; the challenge provides a unified scoring logic for buildings and roads. For the authors' hypothesis, this is especially important because it makes it possible to move from object recognition/damage identification to the need to orchestrate recovery operations and logistics. For the crisis and recovery layer, there is a powerful open operational contour – Copernicus Emergency Management Service. Copernicus EMS is a service that provides mapping support for natural hazards, man-made emergencies, and humanitarian crises, and among the types of activations there is not only emergency response, but also recovery. It has damage assessment logic, methods of interpretation based on remote sensing, and open vector geodata. This is especially important for confirming the authors' concept, because it makes it possible to connect visual diagnosis with subsequent geospatial actions and managerial routes [16, 36–38].

			Thus, if xBD/SpaceNet 8 provides the input diagnostic benchmark, then Copernicus EMS provides the operational-geospatial reference layer on which it is possible to model how BPMN transforms a recognition result into processes of verification, routing, notification, resource allocation, and subsequent closure. As a methodological benchmark for process evaluation, the official resources of the Process Mining Task Force may be used, as they publish event logs and BPI Challenge datasets, while the BPI Challenges themselves constitute a recognized benchmark class for analyzing real event logs. There are also catalogs of event data / logs for process mining. This means that the layer of "how to measure process behavior, deviations, delays, rework, bottlenecks, escalations" can rely on an already existing benchmark culture. That is, they confirm that the process layer can be evaluated according to the rules of process mining.

			A separate block consists of a number of scientific sources confirming that in crisis situations and emergency response, namely in unpredictable and weakly structured crisis scenarios, procedural BPMN alone is often insufficient and the combination of BPMN + CMMN + DMN is useful. This is especially important for confirming the authors' hypothesis, because the proposed approach essentially requires:

			– a procedural framework;

			– flexibility by case;

			– a decision layer [8, 39–41].

			Thus, BPMN is the core of orchestration, while adaptive support is implemented through the composition of BPMN + rules/DMN + HITL + external services.

			7.5 Possibilities of operationalization and verification of the architectural model

			The architectural model proposed in the monograph is not an exclusively theoretical construction, since its key elements can be operationalized on the basis of open datasets, process modeling standards, and modern BPM (Business Process Management) platforms. In methodological terms, this is not a full-scale empirical approbation of an implemented system, but a proof of evaluability, that is, evidence that this concept can be formalized, implemented in an executable contour, and verified on open benchmark foundations. As a basic scenario for applying the model, the following chain may be considered: damage assessment based on xBD/xView2 data → formation of a structured event → launch of a BPMN contour with confidence-based routing → passage through one of three branches → selection of a response protocol to contamination and/or damage → monitoring of the remediation scenario execution → repeated digital verification → case closure.

			At the first stage, the CV pipeline processes pre- and post-event images and forms a primary diagnostic output, including the type, class, and scale of contamination/damage, spatial reference of the object, and a confidence-like indicator. However, this output is not yet a managerial decision, since it must be transformed into a structured BPMN event that contains the case identifier, coordinates of the object/territory, pattern type, confidence level, list of data sources, and key priorities. It is precisely such an event that becomes the input for the executable remediation process contour.

			Next, a BPMN process is initiated, within which an initial assessment of the criticality and confidence level of the verification result is carried out. It should be noted that at this stage a decision-making layer based on DMN may be used, since this standard is specifically intended for the formalization of repeatable decisions with the possibility of their automated execution. Accordingly, rules of the type "if the damage class of the object/territory is severe and the confidence level ≥ the established threshold, then initiate the automatic route of emergency consequence elimination" or "if the confidence level is within an intermediate range, then route this case for additional verification" may be applied. In the proposed model, as described earlier, it is advisable to provide for three routing branches, namely: a high level of confidence, which assumes the possibility of automatic transition to the selection of an emergency consequence elimination protocol/remediation scenario; a medium level of confidence, which assumes additional verification through repeated data analysis, aggregation of alternative information sources, as well as manual verification of attributes or refinement of the geocontext; a low level of confidence, which provides for the transition of the case into the mode of expert review, repeated data collection if necessary, or deferred decision until confirmation is obtained.

			Further, after the route selection, the system proceeds to the assignment of a response protocol/remediation scenario, where the previously described damage assessment service of the Copernicus Emergency Management Service may be used as a reference operational layer. Then, BPMN ensures full coordination of all participants of the remediation process within the implementation of the specifically selected scenario by means of service tasks for the purpose of intersystem information exchange and coordination of the execution of subprocesses and tasks for the elimination of the consequences of the emergency situation. After the initiation of the remediation scenario implementation, the architecture must provide for monitoring of the status and repeated digital verification of the result through the acquisition of new data, repeated recognition, or updating of the geospatial layer and comparison of the "before/after" state. Consequently, this step transforms the process into a closed-loop cycle of comprehensive management of the remediation process.

			For the purpose of verifying this architectural model, it is advisable to use not domain-specific remediation event logs, which are currently practically absent in open access, but the methodological logic of process mining benchmark culture. In this case, it is not a specifically selected remediation scenario that will be evaluated, but the parameters of process execution, namely: lead time, rework rate, escalation frequency, expert intervention rate, false auto-routing rate, closure time, and post-verification success rate. Such a set of metrics makes it possible to assess how effectively the model manages the level of uncertainty of AI outputs and how rationally it distributes cases between automatic and expert branches. From a practical point of view, the most realistic implementation stack includes: CV pipeline + BPMN/DMN engine + persistence/event layer + monitoring/analytics layer.

			Thus, as a CV pipeline, a damage assessment model trained or fine-tuned on xBD/xView2 may be used. As the process core, Camunda 8 or Flowable may be applied, since both platforms support BPMN and DMN, while Flowable is additionally oriented toward the integration of BPMN/CMMN/DMN within a unified set of engines. Camunda is particularly convenient in scenarios where confidence thresholds, criticality levels, and response protocols are defined not within the process code, but in the decision layer through DMN and FEEL (Friendly Enough Expression Language). Flowable, in turn, is of interest for further expansion of the model toward case-oriented logic and less structured scenarios.

			In other words, adaptive support here does not require a special set of elements, since it emerges from the meaningful combination of events, gateways, tasks, ­decision management, as well as exception-handling mechanisms. The recom­mended structure of the technical stack is presented below in Table 7.3.

			

				
					
							
							Table 7.3 Recommended technical stack for implementation

						
					

					
							
							Layer

						
							
							Recommended Components

						
							
							Purpose

						
					

					
							
							Visual diagnosis layer

						
							
							xBD/xView2-trained CV model; satellite imagery preprocessing

						
							
							Building damage assessment, class prediction, confidence output

						
					

					
							
							Event formalization layer

						
							
							Python/Java service, API gateway, JSON event schema

						
							
							Transformation of AI output into a structured BPMN 

						
					

					
							
							Process orchestration layer

						
							
							Camunda 8 or Flowable BPMN engine

						
							
							Execution of the BPMN routing contour

						
					

					
							
							Decision layer

						
							
							DMN engine, FEEL expressions, decision tables

						
							
							Threshold rules, selection of response route and protocol

						
					

					
							
							Case / expert layer

						
							
							User tasks, task lists, notification service

						
							
							HITL, expert verification, escalation

						
					

					
							
							Operational geospatial layer

						
							
							Copernicus EMS products, GIS services, map layers

						
							
							Spatial context, recovery/damage reference

						
					

					
							
							Persistence and integration layer

						
							
							Event store, relational DB, REST / message broker

						
							
							Storage of cases, statuses, results, and intersystem exchange

						
					

					
							
							Monitoring and analytics layer

						
							
							Process monitoring dashboard, event log export, process mining tools

						
							
							Lead time, rework, escalation, closure and post-verification metrics

						
					

				
			


			It should be emphasized that the above-presented stack describes an implementable, but not the only possible platform configuration. Its significance lies primarily in confirming the consistency of the authors' architecture, since it translates the concept into the plane of operationalization: it shows what data are required, which elements must be formalized, where the decision logic is located, and how the evaluation of process effectiveness may be organized.

			7.6 Conclusion

			The conducted study makes it possible to conclude that BPMN in the context of remediation and post-crisis recovery should be considered much more ­broadly – as a process framework for adaptive support of Pattern Recognition results and digital diagnostics. The authors substantiate that the key problem of modern digital management contours of emergency situations of natural, technogenic, and military nature lies in the gap between the obtained diagnostic conclusion and its ­transformation into a sequence of verifiable, coordinated, and controllable ­managerial actions for consequence elimination and subsequent remediation of the object/territory.

			The proposed concept forms an integral architectural model in which the recognition result is transformed into a structured event, passes through a BPMN contour of confidence-based routing, is complemented by decision logic and expert verification, and is brought to the stage of execution of the remediation scenario, repeated digital verification, and case closure. Thus, it is substantiated that adaptive support of AI outputs may be considered as an independent process mode of managing the level of uncertainty and reducing the risk of erroneous automation. An important outcome of the study is the conclusion regarding the fundamental operationalizability of the proposed model based on open benchmark datasets of visual diagnostics, geospatial recovery products, and process mining metrics. At the same time, the analysis of literature and practice has confirmed the presence of a study gap: despite the high maturity of individual directions – BPMN, disaster damage assessment, recovery mapping, and process evaluation – their integration into a unified contour of adaptive support of digital diagnostics results for remediation tasks remains insufficiently developed.

			The limitations of the concept consist in its predominantly architectural and conceptual nature, the absence of full-scale empirical approbation, and the fact that existing benchmark foundations make it possible to verify only individual contours of the model. The prospects for further study are associated with scenario-based testing of the model on real crisis datasets, the construction of domain-specific event logs for process mining, testing of confidence-based routing rules, as well as the creation of a pilot BPMN/DMN prototype integrated with geospatial and computer vision services.
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