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Analysis of PSNR, SSIM, LPIPS metrics in the context of human perception of visual
similarity

This paper presents a comprehensive comparative analysis of three well-known image quality
assessment (IQA) metrics: PSNR, SSIM, and LPIPS. It explores their basic principles, mathematical
foundations, advantages, and limitations, particularly as they relate to human visual perception. The
evolution of 1QA metrics from simple pixel-by-pixel comparisons (PSNR) to structural approaches
(SSIM) and, more recently, to learned perceptual metrics (LPIPS) is discussed. A critical analysis of the
effectiveness of each metric in assessing various visual distortions, including noise, blur, and
compression artifacts, is presented. Inherent issues in human visual perception, such as the role of
semantics, texture, color, and visual artifacts, are explored as fundamental causes of discrepancies
between objective metric estimates and subjective human judgments. The paper highlights the
“unproven effectiveness” of deep features in LPIPS, and discusses its vulnerabilities, such as
adversarial attacks and limitations in global semantic understanding. Finally, it outlines directions for
Sfuture research aimed at developing more robust, interpretable, and perceptually consistent IQA metrics
that can better account for the complexity of the human visual system and the evolving demands of
modern image processing and generative artificial intelligence technologies.

Keywords: Image quality assessment, PSNR, SSIM, LPIPS, human perception, visual distortions,
generative models, objective metrics, subjective assessment.

Introduction. Image quality and similarity assessment (Image Quality Assessment, [QA) is a
fundamental task in modern image processing and computer vision technologies. Objective
quantification of visual quality or the degree of similarity between images is critical for a wide range of
applications, from data compression and image restoration to the development of artificial intelligence
generative models (AIGC), medical imaging, and video surveillance systems. The goal of research in
this area is to develop quantitative measures that reliably reflect visual quality and match human
perception.

Historically, IQA metrics have undergone significant evolution. Early approaches, such as mean
square error (MSE) and peak signal-to-noise ratio (PSNR), were based on simple pixel-by-pixel
comparisons. However, it quickly became apparent that such metrics have significant limitations. As
noted in [1], "classical pixel-by-pixel metrics, such as Euclidean distance /» , are inadequate for
evaluating structured outputs such as images because they assume inter-pixel independence." This has
led to a fundamental problem: the disconnect between the objective numerical measurements that these
metrics provide and the subjective human perception of visual quality and similarity. The human visual
system (HVS) processes visual information in a much more complex way, taking into account structural
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relationships, semantic context, and other perceptual aspects that are ignored by simple pixel-by-pixel
metrics.

This gap has stimulated the development of more sophisticated metrics. The emergence of the
structural similarity index (SSIM) was an important step forward, as it takes into account the degradation
of structural information, which better correlates with human perception [2]. Later, with the
development of deep learning, metrics such as LPIPS (Learned Perceptual Image Patch Similarity),
which are trained directly on large datasets of human similarity judgments, attempting to model HVS
even more accurately [3, 4]. This evolution reflects a gradual awareness of the complexity of human
visual perception and the desire to create tools that more adequately reflect subjective experience.

Accurate IQA metrics are particularly relevant in the context of the rapid development of artificial
intelligence generative models (AIGCs) that are capable of creating photorealistic images. Traditional
metrics often fail to adequately assess the quality of such images, which may contain subtle but visually
significant artifacts or semantic inconsistencies. Metrics that focus on per-pixel or simple structural
differences may not capture these nuances. This creates an urgent need for metrics that better align with
human perception of fine detail and semantic coherence, which are critical for evaluating Al-generated
content [5, 6].

Analysis of recent research and problem statement. Research in the field of image quality
assessment is an extremely active area in computer vision and signal processing, and numerous works
demonstrate both progress and unsolved challenges.

Early work focused on metrics based on signal error, such as PSNR, derived from MSE. They were
dominant due to their simplicity of calculation and clear mathematical interpretation. However, as Wang
et al. point out in their pioneering work on SSIM [2], "traditional image quality metrics such as MSE
and PSNR do not correlate well with human perception of image quality." Research also indicates that
"PSNR does not always correlate with perceived visual quality because human perception of images can
be affected by factors not reflected in pixel differences." According to Zhang's work and al. [7], PSNR
"even gives the same value for all very different degradations ". This is clear evidence of the inadequacy
of PSNR for perceptual assessment.

The answer to these limitations was the introduction of structural metrics. Wang and al. [2] proposed
SSIM based on the idea that HVS is highly adapted to extract structural information. SSIM showed a
significantly better correlation with human judgments compared to PSNR, which was confirmed in
many subsequent studies. However, SSIM also has its limitations. In the work "Image quality
assessment: From error visibility this structural similarity" [2, 8] shows that "a small spatial shift of an
image can mean that it has a very low SSIM score, although the subjective image quality is the same as
the reference". SSIM can also be insensitive to hue changes [9, 10]. Research on medical image quality
assessment [11] indicates that SSIM "cannot identify a hole (local information loss)". The development
of multi-scale SSIM (MS-SSIM) [12] was an attempt to overcome the limitations of single-scale analysis
by recognizing the multi-scale nature of LSI.

With the advent of the deep learning era, a new class of perceptual metrics has emerged. LPIPS,
proposed by Zhang and al. [4], is a prime example of this direction. This metric uses features extracted
from pre-trained CNNs and is trained on large datasets of human perceptual judgments (e.g., the BAPPS
dataset containing hundreds of thousands of comparisons [4]). Original work by Zhang and al. showed
that deep features significantly outperform classical metrics in correlation with human perception. This
is also confirmed in [13, 14], where it is noted that "CNNs trained on ImageNet learn a hierarchy of
features from simple (contours, textures) to complex (parts of objects, objects), which is somewhat
analogous to hierarchical processing in HVS". Despite this, LPIPS is not an ideal metric. As noted in
[15], LPIPS is vulnerable to adversarial attacks, where small, visually imperceptible changes to a human
result in a significant change in the LPIPS estimate. In addition, its patch-oriented analysis may not take
into account global semantic coherence [16]. Problems with estimating massive local information loss
(e.g., a "hole" in an MRI) have also been noted for LPIPS [11].

The relevance of the problem also increases in the context of assessing the quality of images
generated by artificial intelligence. Traditional metrics are often unable to adequately assess the quality
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of such images, which may contain subtle but visually significant artifacts or semantic inconsistencies
[16]. This creates an urgent need for metrics that better match human perception of fine details and
semantic coherence.

Thus, despite significant progress, the development of IQA metrics that fully reflect the complexity
of human visual perception remains an open problem. Each of the considered metrics — PSNR, SSIM,
LPIPS — has its own strengths and weaknesses, and none of them can be a universal "gold standard" for
all types of distortions and applications. There is a need for a deep comparative analysis of these metrics
to clearly outline the scenarios of their effective and ineffective use.

Research goals and objectives. The main goal of the research is to conduct a comparative analysis
of the PSNR, SSIM, and LPIPS metrics in order to identify their effectiveness in reflecting human visual
perception of image similarity and quality, as well as to determine their advantages, disadvantages, and
specifics of application in the context of various types of visual distortions.

Materials and methods of research. Classical metrics for assessing image quality PSNR (Peak
Signal-to-Noise Ratio) is one of the oldest and simplest metrics used to evaluate image quality,
especially in the context of lossy compression.

Principle of operation and formula: PSNR measures the ratio between the maximum possible signal
(image) power and the power of distorting noise, which affects the accuracy of its representation. PSNR
is based on the mean square error (MSE), which is calculated as the average square of the differences in
pixel intensities between the original (/) and distorted (K) images of size MXN

mse = L -tﬂ::‘Z:[l(i,J)—K(i,J')]z- (1)

After calculating the MSE, the PSNR is calculated using the formula:

(2)

2
PSNR :1O~IoglO(MAX' j

MSE

where MAX; is the maximum possible pixel value of the image (for example, 255 for an 8-bit image);
PSNR is measured in decibels (dB), and higher values generally indicate better quality of the
reconstructed image. Typical PSNR values for lossy image and video compression range from 30 to 50
dB for 8-bit data.

Advantages: The main advantages of PSNR are its mathematical simplicity, ease of calculation, and
clear physical meaning, especially for estimating additive white Gaussian noise. Due to these
characteristics, PSNR is widely used as a baseline performance indicator for lossy compression
algorithms and other image processing methods.

Disadvantages: Despite its widespread use, PSNR has a number of significant drawbacks that limit
its applicability for adequate assessment of perceptual quality:

e Low correlation with human perception: PSNR often correlates poorly with how humans
perceive image quality. The metric treats all per-pixel errors equally, regardless of their visual impact,
structural context, or location in the image.

e Insensitivity to structural distortions: PSNR does not take into account structural information in
the image. Therefore, it is insensitive to distortions such as blurring, blocking, edge displacement, or
other artifacts that destroy the structure but may have a small mean square error.

e  Misleading results: Two images with the same PSNR value can have drastically different visual
quality to the human eye [7].

e Ignoring masking effects of LSR: PSNR does not take into account such important aspects of
human vision as masking effects, when distortions in some areas of the image (for example, textured or
high-contrast) are less noticeable than in others.
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The mathematical simplicity and ease of calculation of PSNR, which have contributed to its
widespread use, are at the same time its fundamental disadvantage for perceptual assessment.

SSIM (Structural Similarity Index Measure). The structural similarity index (SSIM) has been
proposed as an alternative to PSNR that better matches human perception of image quality because it
estimates the degradation of structural information [2].

Working principle and formula: The basic principle of SSIM is that the human visual system is highly
adapted to extract structural information from a scene. Therefore, a metric that measures the preservation
of structure should correlate better with subjective quality assessment. SSIM is a perception-based
model that considers image degradation as a perceived change in structural information, unlike MSE or
PSNR. SSIM is computed locally for image windows and compares three key features: luminance,
contrast, and structure.

The general SSIM formula for two windows x and y has the form [2]:

SSIM(x,y):[l(x,y)“-c(x,y)B-s(x,y)Y], (3)

where I(x, y), c(x, ¥) and s(x, y) are the brightness, contrast and structure comparison components,
respectively;
a, B, y > 0 are parameters that determine the relative importance of each component (usually set to 1).

The SSIM value ranges from -1 to 1 (or O to 1 in some implementations), where 1 means perfect
similarity. The overall score for the entire image is usually obtained as the mean value of the local SSIMs
(MSSIM).

Advantages:

¢ Better correlation with HVS: SSIM correlates significantly better with human perception of image
quality compared to PSNR because it takes into account structural changes that are important for
HVS [2].

¢ Sensitivity to important aspects: The metric is sensitive to changes in brightness, contrast, and
structural details.

e Local Similarity Map: SSIM allows you to generate a local similarity map (SSIM map), which
shows how quality varies across an image, providing more information than a single global value.

e Consideration of masking effects: SSIM implicitly takes into account the masking effects of
brightness and contrast through the way its components are calculated.

Disadvantages:

o Imperfect LSI modeling: SSIM still does not fully model all aspects of human visual perception.
It may not perform well with certain types of distortions, such as strong blurring, significant color shifts,
or small spatial shifts [2].

o Sensitivity to geometric transformations: SSIM is sensitive to rotations and scaling, although
there are modifications such as CW-SSIM that attempt to address this issue.

e Single-scale limitation: Classical SSIM analyzes images at a single scale, which is a limitation
because the LMS perceives information at different levels of detail. This drawback is partially addressed
in multi-scale SSIM (MS-SSIM) [12].

e Problems with medical images: SSIM may underestimate distortion near sharp edges or have
instability in low-dispersion regions, which is especially relevant for medical images [11].

o Insufficient consideration of semantics: SSIM, while taking structure into account, is still a
relatively low-level metric and does not analyze the semantic content of the image.

SSIM is an important step towards creating more perceptually relevant metrics. However, its
components (brightness, contrast, structure) are still relatively low-level statistical characteristics of
pixel intensities in a local area, not capturing deep semantic aspects or the more complex cognitive
processes of human perception.

Modern learning-based metrics: LPIPS. With the advent of deep learning, a new class of image
quality and similarity metrics has emerged that are trained directly on human perceptual judgment data.
One of the most famous such metrics is LPIPS (Learned Perceptual Image Patch Similarity).
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LPIPS (Learned Perceptual Image Patch Similarity). How it works: LPIPS computes the perceptual
similarity between two images by measuring the distance between their representations in a deep feature
space extracted using convolutional neural networks (CNNs). These CNNs (e.g., AlexNet, VGG,
SqueezeNet) are typically pre-trained on large datasets for high-level tasks such as image classification
(e.g., ImageNet), or they can be specifically trained or fine -tuned on datasets containing human ratings
of perceptual similarity of images, such as BAPPS (Berkeley-Adobe Perceptual Patch Similarity) dataset
[4].

The LPIPS calculation process is as follows:

e Two images (reference and distorted) are passed through the selected pre-trained CNN.

e Activation maps (features) are extracted from several layers of the network. Different layers
correspond to different levels of abstraction of visual information, from low-level textures to more
complex structural elements.

e These activation maps for each image are processed (e.g., normalized across channels).

¢ The distance (usually the weighted Euclidean distance /> ) between the corresponding activation
maps for the two images is calculated.

o These distances are averaged across spatial dimensions and across layers (with specific weights
for each layer, which can also be learned) to produce a single LPIPS value. A low LPIPS value indicates
high perceptual similarity between images.

Advantages:

¢ High correlation with human perception: LPIPS shows significantly better correlation with human
judgments of image similarity compared to traditional metrics such as PSNR and SSIM [4].

e Ability to capture complex visual distinctions: Through the use of deep features, LPIPS can
distinguish subtle textural and structural nuances.

e The "unreasonable efficiency" of deep features: Studies have shown that even features from
networks trained on high-level tasks turn out to be surprisingly effective at estimating low-level
perceptual similarity.

Limitation:

e Vulnerability to adversarial attacks: One of the most significant shortcomings of LPIPS is its
vulnerability to adversarial attacks. Small changes, visually imperceptible to a human, can lead to a
significant change in the LPIPS estimate, which does not correspond to human perception [15].

o Patch-oriented analysis and global semantics: LPIPS computes similarity based on the
comparison of individual image patches. While this allows for the analysis of local details and textures,
this approach may not fully account for global semantic coherence or long-term spatial dependencies
across the entire image [16].

e Dependence on the architecture and training of the underlying CNN: The quality of the features
used by LPIPS depends on the specific CNN architecture and the data on which it was trained.

e Computational complexity: Compared to PSNR and SSIM, LPIPS can be a more resource-
intensive metric.

o Interpretability: Like many deep learning models, LPIPS can be less interpretable ("black box")
compared to metrics like SSIM.

e Specific types of distortion: LPIPS may have difficulty estimating images with very low texture
or homogeneous regions. Problems with variations between stereo pairs have also been noted.

Despite these limitations, LPIPS has become an important tool in image quality assessment,
especially for generative models and image restoration tasks where perceptual quality is a priority [17].

The problem of human perception of image similarity. Understanding how humans perceive
visual similarity is key to developing and evaluating the effectiveness of objective image quality metrics.
The human visual system (HVS) is an extremely complex mechanism whose work goes far beyond the
simple registration of light intensities.

Human visual perception is a multi-step process that begins with the detection of photons of light by
the retina and ends with the formation of a conscious image and its interpretation in the brain. It is
important to emphasize that what we see is not a simple translation of the retinal stimulus; the brain
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actively processes, filters, and supplements the information received. This active interpretation is one of
the main reasons for the discrepancies between objective metrics and subjective assessment.

Early theories of perception, such as Hermann von Helmholtz's theory of unconscious inference,
argued that the brain makes assumptions and inferences based on incomplete sensory data and prior
experience. For example, we unconsciously assume that light falls from above, faces are usually
perceived upright, and nearer objects can obscure more distant ones. These built-in assumptions help us
quickly interpret a visual scene, but they can also lead to visual illusions.

Gestalt theory has provided a number of important principles for organizing visual elements into
coherent images or "gestalts" [18]. These principles include:

e Proximity: Objects located nearby are perceived as a group.

¢ Similarity: Elements that are similar in shape, color, size, or other characteristics are grouped
together.

e Closure: The HVS tends to "complete" the missing parts of a figure in order to perceive it as
complete.

e Symmetry: Symmetrical objects are more easily perceived as a single whole.

¢ Common destiny: Elements moving in the same direction are perceived as connected.

e Continuity (or good continuation): The HVS prefers the perception of smooth, continuous lines
and contours.

e Good Gestalt (law of pregnancy): The simplest, most regular, and most stable shapes are
perceived.

¢ Past Experience: Prior knowledge and experience influence how we interpret visual stimuli.

These principles show that the LNS actively structures visual input, rather than passively registering
it. David Marr proposed to consider vision as a feature processing process that involves extracting basic
components of a scene, such as edges, corners, regions, and textures, forming the so-called "primary
sketch" [19]. This processing is hierarchical: from low-level features (color, brightness, orientation of
local contours), the system proceeds to the analysis of medium-level characteristics (texture, grouping
of elements, spatial arrangement of the scene) and, finally, to high-level interpretation (recognition of
objects, understanding their relationships and the semantic content of the scene).

The LMS is also a highly adaptive system. Its sensitivity to different spatial frequencies (detail),
contour orientations, contrast levels, and motion dynamics is not constant, but varies depending on the
viewing conditions and the characteristics of the stimulus itself. Masking effects play an important role,
when the presence of some visual elements (for example, complex texture or high contrast) can reduce
the visibility of other elements or distortions in the same image area. In addition, visual attention
(saliency) directs processing resources to the most significant or informative parts of the scene, which
means that not all parts of the image are perceived with the same detail and importance.

The complexity and multifactorial nature of LPS is the root cause of the inadequacy of simple
metrics. Objective metrics often focus on one or a few aspects (e.g., pixel-wise difference for PSNR,
local structure for SSIM), while humans integrate a vast amount of information at different levels. PSNR
ignores virtually all of the listed aspects of LPS. SSIM partially accounts for structure and some masking
effects, but not semantics or global organization. LPIPS, trained on human data, tries to implicitly
capture this complex processing, but is still limited by its architecture and training data.

Despite continuous progress in the development of objective image quality metrics, discrepancies
between their estimates and human subjective perception remain a significant problem. These
discrepancies arise due to the fundamental complexity of HVS and its ability to take into account
context, semantics, and previous experience, which are difficult to formalize in the form of mathematical
models.

Examples of counterintuitive metric results:

e PSNR can show the same values for images with completely different types of distortion (e.g.,
blur, noise, compression artifacts), which are visually perceived in completely different ways [7].

o SSIM, although it correlates better with HVS, also has its weaknesses. For example, it may give
alow score to images with small spatial shifts that appear almost identical to humans. Conversely, SSIM
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may show high similarity for images with significant color changes, if their structure is preserved. SSIM
may also have problems with the assessment of strongly blurred images or images with massive local
information loss [11].

o LPIPS, despite its perceptual validity, is also not without its drawbacks. Its patch -oriented
analysis can lead to situations where patches are locally similar, but globally the image is incoherent or
semantically incorrect [16]. The most well-known problem with LPIPS is its vulnerability to adversarial
attacks [15].

These discrepancies often arise because metrics “focus on the wrong thing.” Human perception is
flexible and can emphasize different aspects depending on the context, task, and importance of the
information.

Comparing the performance of PSNR, SSIM, and LPIPS metrics is key to understanding their
strengths and weaknesses in different practical scenarios. Their behavior varies significantly depending
on the type of visual distortion present in the image.

These discrepancies often arise because metrics have a fixed “focus.” Human perception, in contrast,
is flexible and adapts to the context and task.

To quantitatively assess the correspondence of objective metrics to human perception, correlation
coefficients with subjective estimates, such as MOS and DMOS, obtained as a result of psychophysical
experiments are used [20].

A general trend observed in numerous studies on various databases (e.g. LIVE, TID2013, CSIQ,
KADID-10k):

o LPIPS typically exhibits the highest correlation (measured, for example, by Spearman's rank
correlation coefficient (SRCC) or Pearson's linear correlation coefficient (PLCC)) with MOS/DMOS,
outperforming SSIM and PSNR [4].

e SSIM usually shows better correlation with human judgment than PSNR [2].

e PSNR often has the lowest correlation with human quality ratings.

Metric quality assessment on compression samples. To compare the evaluation of different
metrics, we will take an image of 512x512 pixels and compress it using the fractal method (FIC). The
sample for the study is the portrait of Isaac Newton, posted on Wikipedia. The image was compressed
using the fractal method with the rank block size: 256, 128, 64, 32, 16, 8, 4. Accordingly, the quality of
the compressed image improved with decreasing block size. Figure 1 shows a collage of compressed
images and the original. The results of calculating the PSNR, SSIM, LPIPS metrics are given in Table 1.

Table 1. Image compression quality metrics using the FIC method

Rank block size (pix) PSNR (dB) SSIM LPIPS
256 16.9385 0.4605 0.9095
128 20.0715 0.4985 0.7824
64 23.2162 0.5300 0.6997
32 26.5780 0.5849 0.6234
16 28.5952 0.6581 0.4810
8 30.5655 0.7714 0.2693
4 35.2494 0.9326 0.0642

Given the significant difference in the concept of metrics, they should be normalized for comparison.
The range of PSNR values can be quite large, but we normalize the indicator to a value of 40 as the
maximum, often, with such a quality of the resulting image, a person cannot distinguish the processed
image from the original. The resulting indicator will take values from 0O to 1 (the higher, the better).
SSIM takes values from O to 1, the higher, the better. We leave it unchanged. LPIPS takes values from
0 - 1, but the lower the better. Therefore, for comparison, the inverse value to 1 should be used.
Comparative values are presented in the form of diagram 1.
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Diagram 1. Comparison of SSIM, inverted LPIPS, normalized PSNR

Fig. 1. Images compressed by FIC with rank blocks: 256, 128, 64, 32, 16, 8, 4 and original

As can be seen from Diagram 1 for PSNR metrics, even SSIM gray square is very similar to

"Newton". The gray background, which occupies most of the original image, creates conditions for a
high estimate of the similarity of PSNR and SSIM. PSNR steadily increases with decreasing block size
(from 16.9 dB to 35.2 dB). The graph (gray line "normalized PSNR") shows an almost linear increase.
This uniform increase does not reflect the real "jump" in quality that we see between blocks 32 and 16.
PSNR equally "evaluates" the transition from illegible squares to a barely recognizable face. SSIM also
increases with decreasing block size (from 0.46 to 0.93). Its curve (blue line) is slightly steeper than that
of PSNR, which better reflects the improvement in quality in the last stages. Although SSIM is better
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than PSNR, it still does not fully correlate with human perception, especially at low-quality stages. The
"inverted LPIPS" curve grows slowly in the initial stages (when the image is indistinct) and goes up
very sharply in the range from 32 to 4. This corresponds perfectly to visual analysis: the metric captures
a slight improvement when the image remains "blocky" and gives a high score precisely at those steps
where the image becomes recognizable and clear. LPIPS is noticeably better at assessing quality, which
is confirmed by visual comparison of drawings.

Conclusions: Analysis of PSNR, SSIM, and LPIPS metrics revealed significant differences in their
operating principles, advantages, disadvantages, and most importantly, in their ability to reflect human
perceptions of image similarity and quality.

e PSNR, as the simplest of the considered metrics, is based on the per-pixel root mean square error.
Its advantages are ease of calculation and clear interpretation for certain types of additive noise.
However, a fundamental disadvantage of PSNR is its low correlation with human visual perception. It
ignores structural information, semantic content, and complex LSR mechanisms such as masking
effects. This leads to situations where images with the same PSNR can have radically different visual
quality, as well as the inability to adequately assess the impact of many common distortions such as
blurring or compression artifacts.

e SSIM is a significant step forward because it was developed taking into account that the LMS is
highly adapted to extract structural information. By comparing the brightness, contrast, and structure of
local image regions, SSIM shows a much better correlation with human judgment than PSNR. It is more
sensitive to structural distortions that are visually significant. However, SSIM still has limitations: it can
be insensitive to significant color changes if the structure is preserved, it does not cope well with strong
blurring or small spatial shifts, and it does not sufficiently take into account global semantic information.

o LPIPS represents a modern approach based on deep learning. Using features extracted from pre-
trained convolutional neural networks and training directly on large datasets of human perceptual
judgments, LPIPS achieves the highest correlation with human perception among the considered
metrics. It is able to capture more complex visual differences, including textural and structural nuances.
Unlike the mathematical models PSNR and SSIM, LPIPS is "trained" to understand which changes in
the image are important to a person. It ignores minor shifts or noise that the human eye does not pay
attention to, but which greatly degrade the PSNR/SSIM indicators. LPIPS is able to better assess the
preservation of objects and textures. In this example, it correctly determines that a significant object
(face) appears at the "Block 16" stage, and "rewards" this with a significant improvement in the
assessment. This metric is particularly useful for evaluating the performance of generative neural
networks (GANs) and other deep learning algorithms, where the goal is to produce a realistic, rather
than pixel- precise, image. However, LPIPS is not a panacea. Its main drawbacks include vulnerability
to adversarial attacks, potential problems with estimating global semantic consistency through patch -
oriented analysis, dependence on the architecture and training of the underlying CNN, and higher
computational complexity.

The problem of human perception of similarity and its reflection in metrics lies in the fundamental
complexity of HVS. Human perception is an active, interpretive process that takes into account a huge
number of factors: from low-level features (color, brightness) through medium-level (texture, Gestalt
principles) to high-level (semantics, context, previous experience). None of the existing objective
metrics is able to fully capture this complexity.

Thus, the experimental results clearly demonstrate that for the evaluation of compression quality
oriented to the end user (human), LPIPS is a much more informative and reliable metric than the classical
PSNR and SSIM. LPIPS is the most perceptually relevant metric of the three considered for a wide
range of distortions, followed by SSIM, and PSNR demonstrates the worst correspondence to human
perception. However, even LPIPS can give counterintuitive results in certain scenarios, especially when
assessing global semantic coherence or in the presence of atypical artifacts not represented in the training
sample.

Future research directions will likely focus on developing even more sophisticated metrics that:

e Better integrate global semantic understanding (perhaps using transformative architectures).
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e Are more robust to adversarial attacks and unknown types of distortions.

o They ensure better interpretability of their assessments.

o Take into account the specifics of the task and content (e.g. for medical imaging, AIGC).

In conclusion, while objective metrics are indispensable tools in image processing, it is important to

remember their limitations and to complement their analysis with subjective human evaluation
whenever possible, especially in critical applications. Understanding the principles of LMS operation
and continuously improving metrics will bring us closer to creating tools that truly reflect the human
vision of quality.
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Kapnamos Cepeii’

'Acnipant, Kadenpa ABroMarmsamis Ta KOMIT FOTEPHO-IHTETPOBaHi TEXHOJOTII TpaHncmopty, HarmioHnansHuit
TPaHCIIOPTHUI yHIBepcuTeT, Byl. Muxaiina OwmensHoBuua-IlaBnenka, 2, 01010, m. KuiB, Ykpaina. ORCID:
https://orcid.org/0009-0006-6254-6166.

Amnauiz metpuk PSNR, SSIM, LPIPS y KOHTeKCTi J1101CHKOro CIPUHHATTA Bi3yaabHOI
noaioHocCTi.

Anomauia. L[a cmamms nponoHye KOMWIEKCHUU NOPIGHANbHULL AHANI3 MPbOX GIOOMUX MEMPUK
oyinku axocmi 306pasicenns (IQA): PSNR, SSIM ma LPIPS. V wii 0ocriodcyromvcs iXHi OCHOBHI
NPUHYUNU, MAMEMAMUYHI OCHOBU, Nnepesasu Ma OOMEJCeHHs, 30KpeMd, W0 CMOCYIOMbCs iIXHbOT
Kopenayii 3i 3oposum cnputuammsam aoounu. Obeosoproemocs esonoyia mempuk 1QA 6i0 npocmux
nonikcenvHux nopieusno (PSNR) 0o cmpyxkmypnux nioxodie (SSIM) ma, newooasno, 0o mempux
sueuenoeo cnpuvnsmms (LPIPS). I[Ipedcmasneno kpumuyHuil ananiz eqoekmueHoCmi KOJNCHOT MempuKu
8 OYiHYI PI3HUX GI3VANLHUX CNOMEOPEHb, GKIIOUAIOYU WYM, POSMUMMS MA apmedaxmu CIUCHEHHS.
Tlpumamanui 1H00CbKOMY 30p0OBOMY CHPULIHAMMIO NPOOIeMU, MAKi 5K POlb CeMAHMUKU, MeKCHypu,
KOIbOPY MA GI3YANbHUX APMeparmis, 00CTIONCYIOMbCS K QYHOAMEHMATbHI RPUMUHU PO30IdNCHOCTEl
MidHC 00'€EKMUBHUMU MEMPUYHUMU OYIHKAMU MA CYO'EKMUBHUMU THOOCOKUMU CYOHCEHHAMU. Y cmammi
BUCBIMIIOEMbCA  «HEOOIPYHMOoBaHa eghekmusHicmvy eaubokux oswak vy LPIPS, a maxooc
PO32180ar0mucs 1020 8pA3IUBOCTI, MAKI K AMAKu 3 60Ky CYNEPHUKIE Ma 0OMeHCeHHsL 8 2100ATbHOMY
CEMAHMUYHOMY PO3YMIHHI. 3peuwimoro, y HbOMY OKPECIeHO HANPSIMKU MAUuOymHix O0CHO0NCEeHb,
CHPAMOBAHUX HA PO3POOKY OLNbUL HAOTUHUX, IHMEPNPEeMOBAHUX MA NEPYENTNUBHO Y3200HCEHUX MEMPUK
10A, axi moxcymv kpawje 8paxogysamu CKIAOHICMb 30pP060i cucmemu TOOUHU A MIHAUBI UMOU
CYYACHUX MEXHON02T 00POOKU 300padicetb Ma 2eHEPAMUBHO20 WIMYYHO20 THIMEEKN).

Knrouoei cnosa: Oyinka skocmi 306pasicens, PSNR, SSIM, LPIPS, nto0cbke cnputinammsi, 8i3yanbHi
CHOMBOPEHHSL, 2eHEPAMUBHT MOOe, 00'€KMUBHI MEMPUKU, CYO'€EKMUBHA OYIHKA.

Jlama nepwoeo naoxoodxcenns cmammi 00 suoanns 14.09.2025

Jlama npuiinsmms 0o opyxy cmammi 25.11.2025
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