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STATISTICAL ANALYSIS OF THE IMPACT OF LOSSY COMPRESSION
ALGORITHMS ON THE STRUCTURE OF DIGITAL IMAGES

This paper investigates the impact of lossy compression algorithms on the statistical structure of digital images. Compression is a
necessary step in data storage and transmission, but it changes the original characteristics of the signal, which can complicate further analysis in
computer vision, remote sensing, and medical diagnostics. Traditional quality metrics (MSE, PSNR, SSIM) do not fully reflect these statistical
changes, so the analysis of histograms and moments of distortion distribution is relevant. The aim of this study is to quantitatively assess the impact
of JPEG, JPEG2000, WebP, and AVIF codecs on the stochastic properties of images. For this purpose, two types of data were used: a synthetic test
image with a well-defined structure and a real image with natural textural inhomogeneities. Both images were compressed at different quality
parameters (Q = 30, 50, 70, 90). Subsequent analysis included constructing histograms of the difference images and calculating the mean, standard
deviation, skewness, and kurtosis, as well as checking the spatial consistency of the distortions. The obtained results showed that for the codecs under
study, a decrease in the quality parameter Q leads to an increase in variance and kurtosis, while the values of the mean and asymmetry remain close
to zero. For the synthesized image, JPEG2000 produces the largest variation in stochastic characteristics, while WebP and AVIF produce the
smallest, with AVIF generating very narrow distributions with high kurtosis. At the same time, for the real compressed image, there is an overall
decrease in the standard deviation and kurtosis values compared to the synthetic case, and the heavy-tailed distributions typical of AVIF and WebP
on the test data are less pronounced. This can be explained by the presence of natural textures, over which compression errors are more evenly
distributed. The study of spatial dependencies confirmed the local nature of the distortions, without significant correlation between the rows of the
difference images. The analysis results show that different formats affect the statistical properties of images in different ways. The use of both synthetic
and real images made it possible to demonstrate the differences between limiting scenarios and practical conditions of using the codecs under study.
The results can be used to improve methods for evaluating compression quality and to develop efficient procedures for automated processing and
statistical classification of images.
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IYJIbI'TH CTAHICJIAB, BACHJIBEBA IPUHA

Hanionaneunuii aepokocMidHMi yHIBepcuTeT "XapKiBChbKHH aBialiiHuii iHCTUTYT"

CTATUCTAYHHUI AHAJI3 BILTUBY AJTOPUTMIB CTUCHEHHS 3 BTPATAMMA
HA CTPYKTYPY HHU®POBUX 30BPAKEHD

Y emammi docniooceno ennue aneopummie cmucHeHHs 3 6MpAMamit Ha CMAMUCTNUYHY CIMPYKMYypy yu@posux 306pasicens. CmucrenHs
€ HeoOXIOHUM emanom 30epicants ma nepedaéaHHs OAHUX, NPome GOHO 3MIHIOE NEPBUHHI XAPAKMEPUCIIUKY CUSHATLY, WO MOdIce YCKIAOHIO8AmuU
NOOANbWULL AHANI3 Y KOMI TOMepHOMY 30pi, OUCMAHYITIHOMY 30HOY8aHHI ma meduunitl oiacnocmuyi. Tpaouyitini mempuku sxkocmi (MSE, PSNR,
SSIM) ne 6idobpadicaroms nogHOIO MIpOIO CIMAMUCTNUYHUX 3MIH, MOMY AKMYATbHUM € AHATI3 2ICTOZPAM Ma MOMEHMIE PO3NOOLTY Yux CHOMBOPEHb.
Memorio pobomu ¢ xinvkicna oyinka enaugy kooexie JPEG, JPEG2000, WebP ma AVIF na cmoxacmuuni énacmugocmi 306pagicens. /s yboeo 6yno
BUKOPUCAHO 084 MUNU OGHUX: CUHMeEMUYHEe MeCmose 300PaANCEHHS 3 YIMKO 6USHAYEHOI CIPYKNYPOI0 Ma pedibHe 300PANCEHHs 3 NPUPOOHUMU
mexcmypHumu Heoonopionocmamu. Obudsa 306padicenns cmuckanucs npu piznux napamempax sxocmi (Q = 30, 50, 70, 90). Hooanvwuii ananiz
BKTIIOUAG NOOYO0BY 2ICMOSPAM PIZHUYESUX 300paAdICeHb MA 0OUUCTEHHS CEPeOHbO2O 3HAUEHH S, CIMAHOAPMHO20 GIOXUNEHH S, Koediyichmis acumempii
ma excyecy, a maKkoxc nepesipKy npocmoposoi y3200cenocmi cnomeopers. Ompumani pe3yibmamu noKas3anu, wo 0 00CIIOHCYBAHUX KOOEKI6
3HUdICEHHA napamempy axocmi Q npu3eo0unb 00 3pOCmMants OUcnepcii ma excyecy, npu YyboMy 3HAYeHHs cepeOHbo20 Mma Koepiyienmy acumempii
3anuuaiomsves oausbkumu 00 wyaa. [na cunmeszosanoeo 3o0opascennss JPEG2000 cnpuuunse naiibinouty eapiayilo cmoxacmuyHux XapaKmepucmux,
a WebP i AVIF — uaiimenuiy, npudomy AVIF eenepye Oyce 6y3vKi po3snodinu 3 UCOKUM eKcyecom. Boowouac 0ns peanvbHoz2o cmuchymozo
300pasicents CnoCmepieaemsvCs 3a2aibHe 3HUICEHHS 3HAYeHb CIAHOAPIMHO20 GIOXUNEHHS MA eKcyecy y NOPIGHAHHI 3 CUHIMEMUYHUM BUNAOKOM, d
Po3n0dinu 3 «gadckumu xgocmamuy, xapaxmepni ons AVIF ma WebP na mecmogux oanux, nposeiaiomscsa menuioio mipoio. Lle modicna noscnumu
HAABHICMIO NPUPOOHUX MEKCMYP, HA AKUX NOXUOKU KOMApecii po3nooiiaiomecs Oinout pieHOMIpHO. JJOCTIOXMCEHHS nPOCMOPOBUX 3aNedHCHOCmel
niomeepouno 10KaIbHUL Xapaxkmep cnomeopens bes Cymmesoi Kopenayii misic paokamu pisnuyesux 300pasicens. Pezynomamu ananizy ceiovamo, o
PisHi hopmamu no-pisHOMY 6naUEaAIONb HA CMAMUCTIUYHI 61ACMUBOCHE 300padicelb. Bukopucmanms ax cunmemuuHux, max i peansHux 300pasicets
00360110 NOKA3AMU BIOMIHHOCIE MIHC 2PAHUYHUMU CYCHAPIAMU MA NPAKMUYHUMU YMOBAMU 3ACMOCYBAHHS 0OCIIONHCY8AHUX KOOeKis. Pesytomamu
Modxcyms  Gymu  6UKOpucmani Ons 80OCKOHANEHHA Memooi6 OYIHIO8AHHA SAKOCMI CHUCHEHHA Mda PO3POONeHHA  eheKmusHux npoyeoyp
aAGMOMAMU308aH020 06POONEHHA MA CINAMUCMUYHOT Kiacupikayii 306pasicens.

Kniwouosi cnosa: cmucnenns soopasxicens, JPEG, JPEG2000, WebP, AVIF, cmamucmuunuii aHauis.
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Formulation of the problem

Digital image compression is a key stage of modern information and communication processes, in particular
in the context of the rapid growth of visual data volumes. Despite the significant advantages associated with reducing
the amount of information transmission and storage, compression algorithms inevitably change the original statistical
structure of the image. These changes can have a significant impact on further data processing, automated recognition
and analysis, which is especially important in such areas as medical diagnostics, remote sensing of the Earth, and
computer vision. The relevance of the problem is due to the need to quantify the impact of lossy compression on the
preservation of statistical properties of images.
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Analysis of recent sources

Analysis of modern scientific studies in the field of digital image processing indicates a significant interest in
studying the quality of compression algorithms and their impact on the structure of images. Traditionally, metrics based
on direct comparison of the original and compressed image, such as mean square error (MSE), peak signal-to-noise
ratio (PSNR) and structural similarity (SSIM), were used for evaluation. These indicators are widely employed in studies
[1-3], but their disadvantage is that they do not always correctly or fully reflect the nature of distortions and do not allow
assessing the statistical features of the introduced changes. A number of studies [4,5] proposed to take into account
histogram characteristics and pixel intensity distribution, but most of the works were focused on the analysis of
compressed images themselves, without considering the difference maps between the original and the compressed
version. This approach limits the possibilities of a detailed understanding of how each codec changes the statistical
structure of the data. Some works [6] are aimed at comparative analysis of the efficiency of modern compression
algorithms, but they are mainly focused on subjective visual assessment of artifacts or on the use of traditional quality
indicators. At the same time, the authors use real remote sensing data, which contain heterogeneous and uncontrolled
characteristics, which complicates the quantitative assessment of the impact of compression factors on specific classes
of objects. In [7], the results of a statistical analysis of distortions caused by image compression using the BPG codec
are presented. To account for the impact of noise on image quality after decompression, white Gaussian noise (AWGN)
was added to the original images. It is shown that for the original images, the distortions introduced by lossy
compression have a predominantly non-Gaussian distribution, whereas in the presence of AWGN, a tendency toward a
normalization of the distortion distribution is observed.

The aim of the work is: to conduct a systematic analysis of the impact of different compression algorithms
(JPEG, JPEG2000, WebP, AVIF) on the stochastic properties of images. The study involves constructing histograms of
difference images and calculating the mean, standard deviation, skewness and kurtosis for different values of the quality
parameter Q. The results of the analysis allow identifying specific changes caused by each algorithm and to assess the
degree of preservation or change of the original statistical parameters.

Presenting main material

The study used common lossy codecs: from traditional JPEG and JPEG2000 [8, 9] to modern WebP and AVIF
[9, 10]. JPEG is considered one of the most versatile and compatible codecs. It is based on a discrete cosine transform
in 8 X8 pixel blocks, which can lead to blocky artifacts in compressed images. JPEG2000 uses a discrete wavelet
transform for compression, which allows for higher image quality with the same compression ratio. It also provides
better preservation of details, highlights, and edges in images. WebP is a modern hybrid codec based on the VP8 video
compression method. In most cases, it offers a better size-to-quality ratio than JPEG. Compression is achieved by
reducing the quality of fine details and textures. Smooth changes in brightness and edges are preserved in homogeneous
areas of the image. AVIF compression is based on the AV1 video codec, a more modern version of VP8. Therefore, the
AVIF format can maintain slightly higher image quality than WebP while significantly reducing file size [11]. Thus,
using these codecs, it is possible to evaluate the impact of lossy compression on the spatial structure of images and to
investigate the stochastic properties of distortions introduced into the original images.

A test image with an artificially created brightness structure, shown in Fig. 1 [1], was chosen for the analysis.
The use of such a synthetic image is justified by its ability to provide controlled conditions for observing the influence
of distortions. In addition, a real 512 X512-pixel image obtained using three Sentinel-2 optical spectral channels and
depicting the Kharkiv region (Fig. 2), also used in [1], was analyzed.

Fig. 1. Image with artificial brightness structure (ImA) Fig. 2. Real satellite image (ImR)
It was expected that complex textures and color variations in natural images would obscure the effects of
compression, while the synthetic image would provide more accurate detection and quantification of lossy compression
artifacts. Therefore, such a structured template could serve as a reference object, facilitating the systematic evaluation
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of codec performance under various quality settings. Unlike the artificially generated structure, this natural scene
enables verification of the codecs’ behavior under more realistic conditions. The image has a relatively simple structure,
allowing identification of four generalized object classes — constructions (buildings, roads, dam), reservoir, vegetation,
and bare soil, each represented by statistically homogeneous regions in RGB brightness. This makes it suitable for
assessing how compression artifacts manifest not only in controlled but also in practical Earth observation tasks.

Test images were compressed using chosen codecs. For each codec, four quality parameter (Q) values were
used: 30, 50, 70, and 90. This quality parameter value is a general measure of compression: lower values, such as 30,
correspond to stronger compression with more pronounced distortion, while higher values (such as 90) preserve most
of the original content with minimal loss. However, despite identical quality parameter values, algorithm
implementation details may result in differences in the nature of compression artifacts.

For statistical analysis of the distortions introduced by the compression of the original images, so-called
difference images were formed as the results of element-by-element subtraction of the pixel values of the compressed
image from the corresponding values of the original test image of the same dimension:

D(x,y) = Iorig(x'y) —leomp(,Y) (1)
where Lorig(X,y) is the intensity of the original image pixel, lcomp(X,y) is the intensity after compression.

Figs 3—6 show distortion histograms obtained for the JPEG, JPEG2000, WebP, and AVIF codecs at given Q
levels, which represent the distributions of pixel intensity variations for different compression levels.

-5 0 5 —20 0 20
a) b)
—20 0 20 20 0 20
¢) d

Fig. 3. JPEG codec distortion histograms for the image ImA: a) Q =90; b) Q =70; ¢) Q=50; d) Q =30

The following numerical stochastic characteristics were also calculated: mean, variance, skewness, and
kurtosis. These parameters allow us to identify changes in the intensity distribution due to the specifics of each
compression algorithm and the selected quality level. The mean characterizes the systematic error of the introduced
distortions, while the variance characterizes the random error. Skewness and kurtosis are quantitative measures of the
shape of a distribution and are often used to test the hypothesis that the empirical distribution is normal, for which the
values of these indicators are zero.

Tables 1—4 present the corresponding statistical parameters for each codec.

Table 1
Statistical characteristics of JPEG codec distortions for the image ImA
Q Mean Std Skewness Kurtosis
90 0.0 2.28 -0.0 5.85
70 -0.65 4.77 0.36 8.76
50 0.16 5.74 -0.04 9.51
30 -0.49 6.90 0.19 8.78
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For the classical JPEG codec, a reduction of the quality parameter (Q) is consistently associated with an
increase in the standard deviation (Std) of distortions (i.e., pixel differences): from 2.28 at Q = 90 to 8.02 at Q = 20.
This trend is explained by the intensified quantization of high-frequency coefficients at lower quality levels. The mean
value remains close to zero, which confirms the practical absence of a systematic bias, although local fluctuations within
+1.2 are observed. The skewness coefficient is small and alternates in sign, reflecting a relative balance between positive
and negative distortions. By contrast, the kurtosis coefficient demonstrates growth as Q decreases, reaching 9.51 at Q =
50, which indicates the emergence of heavier distribution tails and a higher frequency of extreme values.

—20 0 20
a)
) T
—25 0 25 —25 0 25

) d)

Fig. 4. JPEG2000 codec distortion histograms for the image ImA: a) Q=90; b) Q =70; ¢) Q =50; d) Q =30
Table 2
Statistical characteristics of JPEG2000 codec distortions for the image ImA

Q Mean Std Skewness Kurtosis
90 0.26 5.74 -0.23 8.0
70 0.73 7.59 -0.21 7.79
50 0.69 9.96 0.01 7.10
30 0.59 11.65 0.17 5.74

A comparative analysis of statistical characteristics reveals substantial differences between the JPEG2000 and
JPEG codecs under equivalent quality parameter (Q) levels. In particular, JPEG2000 exhibits higher values of standard
deviation compared to JPEG. For example, at Q=50, the standard deviation for JPEG2000 reaches 9.96, whereas for
JPEG it is only 5.74. This discrepancy suggests that data reconstructed using JPEG2000 is characterized by greater
variability. The mean values remain slightly positive, indicating a minor systematic tendency toward positive deviations.
However, this bias is not substantial. The analysis of skewness further demonstrates that its values are generally close
to zero, implying that the distributions are predominantly symmetric. With decreasing Q, kurtosis values gradually
decline from 8.0 to 5.74. This trend may be interpreted as an indication of histogram broadening, which in turn reflects
a reduction of the distribution’s peak height and a more uniform dissipation of values.

The analysis of the WebP codec for the synthesized image shows lower standard deviation values compared
to JPEG and JPEG2000. Thus, compression by the WebP codec leads to a reduction in the variability of distortions in
the images. Skewness is steadily positive (~0.4-0.5), suggesting a slight dominance of positive deviations. Kurtosis
increases monotonically from 6.86 to 10.44, which reflects the formation of increasingly sharp histogram peaks with
heavy tails. Thus, WebP compression produces error distributions that are both more concentrated around the mean and
more prone to extreme values, distinguishing it from the broader, flatter distributions observed in JPEG2000.
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Fig. 5. WebP codec distortion histograms for the image ImA: a) Q =90; b) Q=70; ¢) Q=50;d) Q=30
Table 3
Statistical characteristics of WebP codec distortions for the image ImA
Q Mean Std Skewness Kurtosis
90 -0.17 1.33 0.47 6.86
70 -0.24 3.20 0.39 8.83
50 -0.23 3.98 0.41 9.25
30 -0.25 5.26 0.47 10.44

AVIF shows the lowest deviation values among all other codecs for the synthesized image ImA. The standard
deviation reaches only 0.5 at Q=90 and 4.79 at Q=30. This result indicates high compression efficiency while preserving
image quality. The kurtosis reaches extremely high values (up to 32.56 at Q=70), which indicates narrow histograms
with an extremely pronounced peak. The asymmetry varies, but remains moderate, not exceeding 0.65.

To assess the spatial structure of the changes introduced into the image as a result of the codec application,
normalized correlation coefficients between rows of the difference image were calculated. In the first stage, each row
of the difference image was normalized: the mean value was subtracted from it, after which the result was divided by
the standard deviation. This allowed us to exclude the influence of amplitude characteristics and focus on the mutual
nature of brightness changes. Rows with a standard deviation close to zero were not included in the calculation. After
that, Pearson correlation coefficients were calculated between the first row and each subsequent row by formula:

Yie(Xie — %) (X — X))

= — — )
\/Zk(Xi,k —X) Zk(Xj — X))
where Xy is the distortion at column k in row i.
Table 4
Statistical characteristics of AVIF codec distortions for the image ImA
Q Mean Std Skewness Kurtosis
90 -0.01 0.50 -0.34 16.76
70 0.02 1.13 -0.01 32.56
50 -0.02 2.84 0.65 30.43
30 -0.02 4.79 0.4 19.59
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T T T I T
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c) d)
Fig. 6. AVIF codec distortion histograms for the image ImA: a) Q =90; b) Q =70; ¢) Q =50; d) Q =30

The process continued until the value of the coefficient remained greater than 0.1 in modulus. This approach
allows determining the vertical consistency limit, that is, the number of rows in which the nature of changes is similar
to the first. Based on the obtained number of rows, a square correlation matrix was formed, reflecting the degree of
similarity between all pairs of these rows. In the process of analyzing the normalized correlation coefficients between
the rows of the difference image, it was found that for most images the correlation interval does not exceed five rows.
Moreover, strong (|p;| > 0.7) or noticeable (|p;| = 0.5...0.7) correlations were observed only between two adjacent rows.
As an example, Table 5 shows the correlation matrices for JPEG2000 codec distortions at Q=90 and Q=50.

Table 5
Correlation matrices of the JPEG2000 codec distortions for rows with indices 60—65 of the ImA image
Q=90 Q=50

1 0.359 | 0.256 | 0.136 | -0.084 0.029 1 0.704 | 0.488 | 0.258 | -0.044 | -0.037
0.359 1 0.386 | 0.177 | 0.082 -0.098 0.704 1 0.676 | 0.424 | 0.048 | -0.166
0.256 0.386 1 0.483 0.315 0.262 0.488 | 0.676 1 0.707 | 0.235 | 0.047
0.136 0.177 | 0.483 1 0.375 0.182 0.258 | 0.424 | 0.707 1 0.554 | 0.271
-0.084 0.082 | 0315 | 0.375 1 0.271 -0.044 | 0.048 | 0.235 | 0.554 1 0.672
0.029 -0.098 | 0.262 | 0.182 | 0.271 1 -0.037 | -0.166 | 0.047 | 0.271 | 0.672 1

The results obtained for the synthetic image allow identifying the limiting properties of compression algorithms
and analyze the characteristic patterns of statistical changes under controlled conditions. However, the synthetic test
image does not fully reflect the complexity of natural scenes, where there are textural heterogeneities, noise components
and local contrast transitions. These factors can significantly affect the distribution of errors after compression and
modify the overall statistical picture. In order to assess the practical relevance of the results obtained, the next stage of
the study was the analysis of a real image, which allows tracing how the described trends manifest themselves in the
conditions of the natural signal structure. For the study, the image was first converted to grayscale and then subjected
to compression using the same codecs (JPEG, JPEG2000, WebP, AVIF) and quality parameters (Q = 30, 50, 70, 90) as
in the synthetic case. This ensured comparability of the obtained statistical characteristics across both experimental
setups. The corresponding histograms and tables of statistical metrics are presented in Tables 6-9 and Figs. 7-10). The
distortion histograms are shown for two extreme values of the quality parameter: Q=90 and Q=30.
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Fig. 7. JPEG codec distortion histograms for the image ImR: a) Q =90; b) Q =30
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Fig. 8. JPEG2000 codec distortion histograms for the image ImR: a) Q =90; b) Q =30

=5 0 5

-20

a)

g lo
N
o

Fig. 9. WebP codec distortion histograms for the image ImR: a) Q =90; b) Q =30
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Fig. 10. AVIF codec distortion histograms for the image ImR: a) Q =90; b) Q =30
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Table 6
Statistical characteristics of JPEG codec distortions for the image ImR
Q Mean Std Skewness Kurtosis
90 0.02 1.74 0.07 1.5
70 0.0 2.86 0.1 3.31
50 0.0 3.58 0.05 3.7
30 -0.03 4.53 0.1 4.0
Table 7
Statistical characteristics of JPEG2000 codec distortions for the image ImR
Q Mean Std Skewness Kurtosis
90 -0.49 4.31 0.1 347
70 -0.66 5.57 0.12 4.14
50 -0.33 7.85 0.11 4.86
30 -0.41 9.46 0.19 5.77
Table 8
Statistical characteristics of WebP codec distortions for the image ImR
Q Mean Std Skewness Kurtosis
90 -0.01 1.86 0.0 0.76
70 -0.02 3.52 0.02 1.92
50 -0.03 4.23 0.02 2.37
30 -0.06 5.33 0.03 3.39
Table 9
Statistical characteristics of AVIF codec distortions for the image ImR
Q Mean Std Skewness Kurtosis
90 -0.07 1.14 0.1 0.59
70 -0.08 2.22 0.06 0.84
50 -0.1 3.54 0.12 2.23
30 -0.07 5.8 0.09 3.51

Analysis of the results obtained on a real image revealed significant differences from the experiments with the
synthetic test. For JPEG, a lower level of standard deviation (1.74-4.53) and significantly smaller values of kurtosis
(1.50-4.00) are observed, which is explained by the smoothing effect of natural texture complexity, which reduces the
severity of quantization errors. In the case of JPEG2000, the standard deviation remains lower compared to the synthetic
data (4.31-9.46), while the kurtosis acquires moderate values (3.47-5.77), which indicates a more uniform distribution
of errors in complex texture areas. For WebP, the standard deviation level is preserved, similar to the synthetic case
(1.86-5.33), but the kurtosis is reduced by almost three times (0.76-3.39), which indicates the absence of sharply
pronounced peaks in the distributions. The most pronounced differences are recorded for AVIF: despite maintaining a
low standard deviation (1.14-5.80), the kurtosis remains tens of times smaller (0.59-3.51) than in the synthetic image,
which is explained by the influence of natural textures that prevent the formation of over-peak histograms. The totality
of these results confirms that real data is characterized by more “soft” statistical changes, which reflects the specifics of
the interaction of compression algorithms with the natural textural features of the image.

Table 10 presents examples of correlation matrices of the JPEG2000 codec distortions for six rows of the ImR
image. An analysis of the normalized correlation coefficients between rows of the real difference image revealed a
pattern similar to the synthetic case: significant correlations are observed primarily for two to four adjacent rows. This
result can be explained by the local nature of the distortions. In real images, the presence of heterogeneous textures and
irregular structural details prevents the formation of vertically consistent artifacts, thereby eliminating systematic inter-
row dependencies and confirming the conclusion about the predominant spatial localization of the distortions.

Table 10
Correlation matrices of the JPEG2000 codec distortions for rows with indices 10—15 of the ImR image
Q=90 Q=50
1 0.653 042 | 0.131 0.019 0.073 1 0.749 | 0.398 | -0.012 | -0.139 | -0.031
0.653 1 0.58 | 0.123 0.043 0.004 0.749 1 0.717 | 0.184 | -0.064 | -0.041
0.42 0.58 1 0.487 | 0.264 0.139 0.398 | 0.717 1 0.62 | 0.368 | 0.188
0.131 0.123 0.487 1 0.509 0.071 -0.012 | 0.184 | 0.62 1 0.828 | 0.393
0.019 0.043 0.264 | 0.509 1 0.513 -0.139 | -0.064 | 0.368 | 0.828 1 0.692
0.073 0.004 | 0.139 | 0.071 0.513 1 -0.031 | -0.041 | 0.188 | 0.393 | 0.692 1
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Conclusions

The study demonstrated that lossy compression algorithms affect image statistics differently depending on the
codec and the type of input data. On synthetic images, JPEG and WebP caused strong increases in kurtosis and skewness,
while JPEG2000 preserved more natural distributions and AVIF produced extremely peaky histograms despite low
variance. In contrast, real images exhibited considerably milder distortions: both standard deviation and kurtosis
remained lower, and extreme peakiness was not observed. This difference is attributed to the heterogeneous textures of
real scenes, which distribute compression artifacts more evenly and reduce statistical extremities. For both synthetic
and real data, spatial analysis confirmed the local nature of distortions and the absence of vertical coherence, making
correlation matrices formally possible but practically uninformative.
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