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CHAPTER 1

Quality of lossy compressed images  
and ways of its providing

Abstract
A task of lossy compression of images with providing a desired quality is consid-

ered. Image properties and metrics that are able to characterize compressed image 
quality including visual quality are briefly discussed. It is mentioned that a reason-
able compromise between compression ratio and quality has to be provided in prac-
tice 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. Analy-
sis 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 parame-
ter 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 ap-
proach are presented. An approach based on just noticeable difference is described. 
Its positive features and restrictions are presented. Finally, conclusions are given.
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1.1  Introduction

Lossy compression of images is currently widely employed in different applica-
tions 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 diffe
rent 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 com-
pression is able to provide a significantly larger compression ratio (CR) than for loss-
less 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 be-
tween 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 visu-
alization 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 ac-
curacy 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 com-
pressed image quality, noise presence or absence, image complexity, and require-
ments 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)  
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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 provid-
ing 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-chan-
nel (e.g., color) images are, probably, the most common, two-channel (dual-polariza-
tion) data and images with about ten (multispectral) and even hundreds (hyperspec-
tral) 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 complex-
ity 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 in-
troduced by a better portable graphics (BPG) coder [27] for which Q (an integer-val-
ued 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 char-
acterizing 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. Re-
cently, it has been shown that CR obtained for large degrees of image lossy com-
pression might be good indicators of image complexity. To prove this, Fig. 1.1 shows  



7

Quality of lossy compressed images and ways of its providingChapter 1

dependencies of CR for compression of five typical test color image contami
nated 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, compres-
sion 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 gray-
scale 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).

Table 1.1 Four test grayscale images and entropy and MSE values for them (Q = 20 and Q = 25)

Test image 1 (Legs) Test image 2 (Fr01) Test image 3 (Fr02) Test image 4 (Frisco)

Q = 20

E = 6.50 E = 7.46 E = 7.40 E = 5.82

MSE = 1.76 MSE = 1.90 MSE = 1.85 MSE = 1.17

Q = 25

MSE = 4.57 MSE = 6.02 MSE = 5.78 MSE = 2.57

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 con-
ditions, e.g., is an image fully textural or has relatively large quasi-homogeneous re-
gions. 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 vis-
ible in 8-bit images for white noise if its variance exceeds 20–25 and for spatially 
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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-homo-
geneous 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 ef-
fect 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 in-
stalled 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., ac-
quired from some airborne carrier) and standard customer cameras (for some land-
scapes 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 charac-
terized 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 be-
hind 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 net-
work based metrics [36] whilst problems of PSNR in reliable assessment of image 
visual quality have been shown many times. Third, there is correlation between clas-
sification accuracy and both traditional (such as PSNR) and visual quality metrics 
where the latter ones better correlate with classification accuracy for such "hetero-
geneous" classes as "Urban" or "Vegetation" in opposite to "homogeneous" classes 
as "Water surface" or "Grass" [37]. 
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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. min-
imal 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 distor-
tions). 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 distor-
tions. 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 varia-
tion 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 pecu-
liarities 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 com-
bine 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 direc-
tion of research is to find proper metrics for a particular application such as lossy com-
pression of images in our case. In this sense, the obtained achievements are more ob-
vious. 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 
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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 proper-
ties 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 de-
noising and lossy compression applications. Recall that PSNR and widely used struc-
tural 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 Simi
larity Index) [48], and some others. Let's note that codes for calculation of aforemen-
tioned 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 met-
rics [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. More-
over, 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 distor-
tions dealing with lossy compression in TID2013. The following expression is valid

HaarPSI PSNR HVS M PSNR HVS M�� � � � �0 0005338 0 053923 0 36122. - - . - - . ,	 (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 men-
tioned in [49]. While choosing them for a particular application or analysis, the fol-
lowing properties can be taken into account: 

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

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
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Summarizing the brief analysis of metrics able to characterize quality of com-
pressed images, it is possible to state the following. There are several visual qual-
ity 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 recom-
mend 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. Be-
cause of this, let's further rely on data obtained for several typical representatives  
of compression techniques based on orthogonal transforms since just wavelets and 
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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 parti-
tioning 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 dif
ferent. JPEG2000 is oriented on easy providing a desired CR, others are more in
tended 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 
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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 co
der to use? Although there are numerous papers and books showing advantages 
of newly designed lossy compression techniques, the answer is not simple. A re
ally 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
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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 coef
ficients. For CR ≈ 6 and 8, advantages of these coders compared to other ones re-
main 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 com-
plex (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. How-
ever, 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 impor
tant) 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 hap-
pens 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 de-
signed (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. 
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Rate/distortion curves can be also used for analysis of compression character-
istics 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 monoto-
nously 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  
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than quality of complex structure images (Baboon, Diego). Thus, again there is the de-
pendence 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 approxi
mately 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 prop-
erties 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 



18

Pattern recognition in surveillance systems and diagnostics

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 visu
ally lossless compression). Analysis for color images (Fig. 1.8, b) shows that the dif-
ference 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 rea-
son 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 pre-
pared 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 op-
tion 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,  
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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 scat-
ter-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 qual-
ity 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 accu-
racy. 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 
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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 qual
ity (and often treated as identical). 

Fig. 1.10 The scatter-plots of MOS vs HaarPSI for three types of distortions dealing  
with lossy compression in TID2013
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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 calcula-
tion, 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 inter-
polation (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 in-
fluence 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 
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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 ne-
cessity 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 inappro-
priate due to necessity to carry out, e.g., four iterations. 

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
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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 
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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 im-
ages 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 esti-
mate Metr1 for the decompressed image. If Metr1 does not differ from Metrdes essen-
tially (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

PCC PCC Metr Metr dMetr PCC dPCCdes2 1 1 1� � �� � � �� � ,	 (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 advan-
tages are twofold. First, the method usually provides about one order less errors (vari
ance) of providing Metrdes after the second step than after the first step where improve-
ment 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.
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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 pro-
vided 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 radi-
cally 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 
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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 compres-
sion. Because of this, in parallel with the design of the two-step approach, the ap-
proaches 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 spa-
tial 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

MSE
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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 demon-
strated 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]. 
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The paper [69] shows that the same prediction can be carried out for non-uni-
form 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 depen-
dence becomes less fast than ~QS2 and depends on image complexity. Then, it is pro-
posed to predict MSE as

MSE QS f X�� � � �2 12 ,	 (1.4)

where f X� � is some function of one or several parameters describing image com
plexity. 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 proba-
bility is small for small QS and it increases if QS becomes larger. Note that for P0 < 0.6 
the function f X� � 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 f X� � �0 6. , 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 in-
troduced 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 com-
plexity 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 sim-
ple trained neural network. 
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Fig. 1.12 Scatter-plot of MSE vs E for grayscale images compressed by the BPG coder
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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 sta-
tistics 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 phenome-
non, 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 indi
cated by brighter color). As seen, there is a high "correlation" between these two maps.

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

due to lossy compression (b) 
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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, re-
call, 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 pre-
diction. However, there are also several drawbacks. First, currently, the prediction ap-
proach 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 con-
tain 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 val-
ues  (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 monoto-
nous 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 giv-
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en in Fig. 1.16, a and RDCs PSNR vs QS for color and intensity components com-
pressed by the AGU coder are presented in Fig. 1.16, b. Obviously, all four curves 
have "fluctuations" and are not monotonous. 
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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

Fig. 1.15 Natural scene color image (a) and RDC PSNR vs QF for JPEG (b)
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Fig. 1.16 Remote sensing image (a) and the RDCs PSNR vs QS for AGU (b)
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Fig. 1.17 shows two other color images that occur to be strange if the depen-
dence 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). 

Fig. 1.17 Examples of two strange images: example 1 (a) and example 2 (b)
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Fig. 1.18 Artificial color test image with large homogeneous regions (a)  

and RDC PSNR vs QF for JPEG (b)
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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.
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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: 

PSNR SF
SF SF SF

mean
mean mean mean� � � � � �0 01376 0 8645 38 97 31

2

2. . . , ;

55 4 31. , .SFmean �

�
�
�

��
	 (1.5)
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PSNR SF
SF SF SF

mean
mean mean mean� � � � � �0 01336 0 7618 40 36 28

2

2. . . , ;

99 5 28. , .SFmean �

�
�
�

��
	 (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 predic-
tion  approaches.
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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 im
ages (PSNR > PSNRJND No. 1). In the quality analysis, well-known publicly available im-
age datasets from the visible (LIVE and VCL@FER) and the infrared part of the elec-
tromagnetic spectrum (long wave infrared – LWIR [80]) are used. Using PSNRJND No. 1, 
JPEG compressed images of excellent quality are detected in LIVE (see lower dif-
ference 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. 
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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. 
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Finally, the approach based on JND [9, 80] presumes the use of several data
bases of distorted images and the results of their quality assessment by a great 
number of experiment participants. Such experiments are labor and time consum-
ing 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, espe-
cially 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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