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Abstract

Detecting small and camouflaged objects in aerial images is challenging, espe-
cially when datais 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 con-
figurations were trained and evaluated. Image resizing by direct stretching was re-
placed 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 detec-
tion in complex data and significantly reduced training time. The YOLOv11 model
demonstrated the best practical results when working with small targets in com-
plex background conditions. The obtained results confirm that modern architectures
based on YOLO family models can be effectively applied to automated data analysis
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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 recon-
naissance. Their use allows for the acquisition of detailed visual information over
large areas in arelatively 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 challeng-
ing [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, in-
cluding 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 pro-
cessing 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 runin 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].
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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 un-
der 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 resolu-
tion 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 mis-
sions, objects are often concealed. During such operations, camouflage nets or pat-
terns 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 ob-
jects 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 er-
rors are unacceptable.
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What also cannot be ignored is that the mission is carried out under dynamic con-
ditions [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 compar-
ison, 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 net-
work 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 manu-
ally, deep learning methods have increasingly come into use.

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

The convolution operation can be formally represented as follows

(1=K)(i,5)=>_ > I(i+m,j+n)K(m,n), (5.1)

where | - 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

f(x)=max(0,x). (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 con-

vergence during training.
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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 appli-
cation 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" al-
most exclusively for deep neural networks. The main reason lies in the loss of
spatial information that occurs during the sequential downsampling of fea-
ture maps. To mitigate this phenomenon, modern architectures employ multi-
scale prediction mechanisms and hierarchical feature combination struc-
tures (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 archi-
tectures 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 compar-
ative analysis of the YOLOvV8 and YOLOv11 models. The choice of these itera-
tions is due to their technological sophistication: the integration of anchor-free
detection methods, improved feature extraction blocks, and optimized loss func-
tions, 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 de-
tection algorithms in modern computer vision systems. Their popularity stems
from their combination of high image processing speed and reasonably high ob-
ject recognition accuracy. Unlike two-stage detectors, such as Faster R-CNN,
which first generate region proposals and then classify them, YOLO models
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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
aregular grid. Each cell of this grid is responsible for predicting objects, which cen-
ters 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

S><S><(B-5+C), (5.3)

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

Each bounding box is described by five parameters: center coordinates x and vy,
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 ab-
straction 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 (loU)
metric is used, which determines the degree of overlap between the predicted
bounding box and the actual bounding box of the object

o = veo (Bues VBur) UBgf), (5.4)
Area(Bpred mBg’t)
where B, - specified frame; By, - 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.
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Fig. 5.1 Structure of the convolution block (Conv)
Source: created by the authors

To improve the efficiency of feature processing in the network, bottleneck mod-
ules (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 struc-
ture of this block is shown in Fig. 5.2.

b_elem

conv

conv

Fig. 5.2 Structure of the bottleneck block (b_elem)
Source: created by the authors

One of the key modules in modern YOLO models is the C2f block, which com-
bines several bottleneck elements with additional convolutional layers. This struc-
ture 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.

C2f{x)

conv

conv

b_elem([x]

Fig. 5.3 Architecture of the C2f module
Source: created by the authors
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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.

s_elem

conv

conv

Conv2d

Fig. 5.4 Structure of the detection head element
Source: created by the authors

The combination of these structural elements forms the complete architec-
ture of the YOLO model, which includes feature extraction blocks and an ob-
ject 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 im-
ages. The YOLOv8 model is one of the most widely used architectures for ob-
ject detection tasks and demonstrates a good balance between accuracy and
processing speed. However, further development of the YOLO family of mod-
els led to the emergence of the newer YOLOv11 architecture, which is char-
acterized 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 ap-
proaches, 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 camou-
flaged objects.
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Fig. 5.5 Overall architecture of the YOLO model
Source: created by the authors

5.5 Experiment using YOLOvVS8 for small object detection

To investigate the effectiveness of modern methods for detecting small and oc-
cluded objects, an experiment was conducted using the YOLOv8 model. This model
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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 an-
notation 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.

350-
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200-

instances
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tank
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vehicle -

arnored_vehicle
support_vehicle -

Fig. 5.6 Histogram of class distribution in the training dataset
Source: created by the authors

Further analysis of the positions of objects in the images allows to assess the spa-
tial distribution of objects in the dataset. Fig. 5.7 shows the distribution of the posi-
tions 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.
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Fig. 5.7 Distribution of positions (left) and dimensions (right) of the limiting frames
Source: created by the authors
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Fig. 5.8 Changes in the model's quality metrics over training epochs
Source: created by the authors

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 de-
tected objects among all detections

Precision= (5.5)

TP+FP’

where TP (True Positive) refers to correctly detected objects, and FP (False Positive)
refers to false detections.
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Another important metric is Recall, which shows what proportion of actual ob-
jects the model was able to detect

Recall =L, (5.6)
TP+FN

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

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

Fl= Q.M. (5.7)
Precision+Recall
Using this metric provides a comprehensive assessment of the model's perfor-
mance, taking into account both detection accuracy and recall.
For a more detailed analysis of the model's performance, curves were plotted show-
ing the dependence of key detection metrics on the model's confidence level (Fig. 5.9).
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Fig. 5.9 Dependency curves for key detection metrics in the YOLOv8 model
Source: created by the authors
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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, detec-
tion 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 bal-
ance between precision and recall. A confusion matrix is used to evaluate the classi-
fication 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.
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Fig. 5.10 Normalized confusion matrix for the YOLOv8 model
Source: created by the authors
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Theresults showed that the YOLOv8 model is capable of effectively detecting ob-
jectsin 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 inimage
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, in-
stead 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 x H, and the required size of the neural net-
work's input image be S x S.

The scaling factor is defined as

r:min[%,%). (5.8)
After resizing, the new image dimensions are defined as

W'=rW,H' =rH. (5.9)
The size of the padding area is calculated as follows:

_SW_S-H (5.10)

Py

where p, - horizontal padding; p, - vertical padding.
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In addition, the class structure in the dataset was optimized. Reducing the num-
ber 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 YOLOvV8, model training took more than
two hours, in the case of YOLOv11, the full training cycle was completed in approx-
imately 30 minutes.

This indicates the increased efficiency of the new architecture and the optimi-
zation 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.
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Fig. 5.11 Changes in the key performance metrics
of the YOLOv11 model during training
Source: created by the authors

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 met-
rics 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-Confi-
dence graphs allow to evaluate the model's behavior as the confidence threshold
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changes and to determine the optimal balance between detection accuracy and com-
pleteness (Fig. 5.12).
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Fig. 5.12 Performance curves for the YOLOv11 model
Source: created by the authors

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 Preci-
sion metricrises, 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 sim-
ilarity of certain object types and challenging shooting conditions.
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Confusion Matrix Normalized
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Fig. 5.13 Normalized confusion matrix for the YOLOv11 model
Source: created by the authors

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 auto-
mated 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.
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In the second experiment, several changes were made to the data preprocess-
ing 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 geomet-
ric 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 YOLOvV8n YOLOv11s
Image preprocessing Image resizing Padding with preserved aspect ratio
Dataset size >750images >750images
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 ob-
tained using the YOLOv8n and YOLOv11s models. The examples provided illus-
trate how the models perform when detecting small objects in aerial reconnais-
sance images.
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Fig. 5.14 Comparison of detection results: 1 - YOLOv8n; 2 - YOLOv11s
Source: created by the authors
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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 ob-
ject detection in photo and video data. However, the results demonstrated the need
for further refinement of the approach, particularly with regard to image prepro-
cessing, class set structure, and model architecture.

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

The results showed that the YOLOv11s model provides high detection per-
formance: 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 approx-
imately 30 minutes for YOLOv11s, indicating a significant increase in computa-
tional efficiency.

Thus, the results of this study confirm the promise of using modern YOLO fam-
ily 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 test-
ing under real-world operating conditions.

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

Source: created by the authors
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