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ABSTRACT

Visual scene recognition and modeling rely heavily on textures, which encapsulate an
object’s material properties across varying scales, lighting, and viewing angles, influ-
enced by factors such as object shape, lighting conditions, and observational distance.
However, evaluating the success of texture synthesis or recognition currently requires
costly and impractical psychophysical human evaluations.This study aims to bridge
this gap by comprehensively comparing various texture quality and similarity metrics
against psychophysically derived human rankings. Utilizing a specialized texture qual-
ity benchmark, we evaluate metrics originating from both texture-specific research
(TQA) and general image quality assessment (IQA) that do not require pixelwise cor-
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respondence. Our findings highlight the superior performance of two multispectral
measures derived from the adaptive recursively evaluated Markovian descriptive
model. While these objective numerical alternatives show promise for virtual prototyp-
ing and scene recognition, the results suggest that current state-of-the-art methods
still require refinement to ensure universal reliability across diverse computer vision
and pattern recognition domains. Replacing manual evaluation with these efficient,
statistically validated measures is fundamental for advancing physically accurate tex-
ture modeling and synthesis.
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1. Introduction

Human observers typically recognize a visual scene using shape and material attributes, often repre-
sented as a visual texture. However, the appearance of a surface material can change significantly under
varying observation conditions. This variability can negatively impact the automatic and reliable recogni-
tion of these materials in numerous artificial intelligence applications. As a result, most attempts at
material modeling or recognition apply unnaturally restricted observation conditions (Bell et al., 2015;
Gibert et al,, 2015; Varma & Zisserman, 2009).

Various texture modeling methods introduce specific quality deterioration and artifacts. These can
include loss of frequencies, blurring, tiling, tiling seams, misalignment, model stability, changes in illu-
mination and viewing angles, color degradation, and more. The subtlety of some degradations and the
statistical differences between the target and synthesis textures can be challenging for untrained human
observers to detect. Moreover, human observers are subjective, expensive, and impractical to include in
an automatic material modeling pipeline.

Image/texture quality criteria can use three types of knowledge (He et al, 2014): knowledge about
the reference (ideal/measured) image (full-reference/reduced-reference/no-reference, FR/RR/NR), and
often also knowledge about the degradation procedure and the human visual system (HVS). However,
our understanding of the HVS and the computational HVS modeling used in image quality assessment
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(IQA) criteria needs to be completed (Chandler, 2013). Full-reference (FR) methods require the whole ori-
ginal template content, reduced-reference (RR) methods require only partial information (e.g., selected
features) about the original, and no-reference (NR) methods estimate quality without any information
from the original. Another primary categorization is based on the involvement of a human evaluator in
a perceptual (subjective) assessment versus no human evaluator (objective).

Evaluating the degree to which various texture models, denoted as Y, differ from actual texture meas-
urements, X and align with human visual perception is crucial. This evaluation is essential for assessing
the similarities between the model output and the original measured texture, optimizing model parame-
ters, and comparing different models fairly. The recent most advanced textural representation,
Bidirectional Texture Function (BTF, a seven-dimensional multispectral model dependent on illumination
and viewing angles), modeling requires a fast, reliable assessment criterion. BTF models consist of com-
binations of ten multi-dimensional probabilistic submodels (Haindl, 2023) that must be assembled from
the best quality components. Moreover, digital images are often affected by a wide range of distortions
during acquisition, compression, transmission, storage, decoding, and display. Any of these stages could
degrade visual quality.

Currently, the most reliable, albeit extraordinarily impractical and costly, option is to utilize methods
of visual psychophysics. Perceptual assessment is naturally preferable and accurate, given that the
human visual system is most applications’ ultimate receiver of visual information. However, psychophys-
ical methods (Haindl & Filip, 2013) necessitate meticulously designed experiments on human subjects
using highly controlled visual stimuli and viewing conditions. This requirement translates into a lengthy
experiment design process, strict laboratory conditions, and a representative panel of human test sub-
jects. Such testing is not feasible to embed directly into a routinely performed system. Nonetheless, per-
ceptual assessment is indispensable for the development of verification quality criteria. The performance
of any automatic visual quality assessment criterion can be validated by measuring its correlation with
human perception.

An automatic texture fidelity verification is needed to evaluate the quality of texture-generating algo-
rithms, database texture retrieval, enhancement, compression, denoising, coding, transmission, and
many others in practical applications and algorithm development. The texture is one of the essential
perceptual features of the human visual system; thus, TQA is also significant in determining image qual-
ity. Although automatic methods are the only practical solution, they cannot avoid some problems, such
as that not every criterion change has the same effect on human perception. Texture quality modeling
belongs mainly to the full-reference image quality criteria category because the target or measured
material is available. However, the primary difference between TQA and IQA for the most FR criteria is
that those texture quality subset criteria cannot require pixel-wise correspondence between tested and
target images and do not expect only a single distortion type for each texture like many IQA. The syn-
thetic texture can differ from the example; the requirement is to be visually indiscernible and generate
the impression of identical material, i.e., not to recognize what real material measurement is and what
its synthetic possible enlarged copy is. Human eyes are the sense for visual stimuli, resulting in a sub-
jective texture similarity assessment. This dissimilarity creates the primary difference between TQA and
IQA and, simultaneously, the significant difficulty of TQA compared with the usual IQA.

In the material appearance measurement, there is the no-reference or blind category. This problem
still needs to be successfully solved, and new measures still emerge.

Several survey papers have been published (Chandler, 2013; He et al, 2014; Lin & Jay Kuo, 2011;
Manap & Shao, 2015; Moorthy & Bovik, 2011; Soundararajan & Bovik, 2013; Wang & Bovik, 2011; Xu
et al, 2017; Zhai & Min, 2020). However, most of these are primarily focused on images with pixel-wise
correspondence with an optimal pattern. Several reduced/no-reference quality assessment methods are
detailed in the survey by Wang and Bovik (2011). Rubner et al. (2001) compared image dissimilarity
measures based on distributions of color and texture features, concluding that no single measure exhib-
its the best overall performance. The paper by Lin and Jay Kuo (2011) reviews perceptual visual quality
metrics, just-noticeable distortion, visual attention, quality assessment databases, and common feature
and artifact detection. Moorthy and Bovik (2011) list images, video, 3D quality, and some visual aesthet-
ics assessment algorithms, discussing potential future research areas. Their aesthetics assessment is
based on luminance distribution, contrast, colorfulness, color saturation, and some subjective features.
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The survey by Chandler (2013) briefly outlines the history of IQA, but only marginally mention the
TQA problem, discusses some properties of the human visual system and properties of IQA databases,
and lists numerous IQA methods of the FR and NR types. Nevertheless, all seven open challenges for
IQA, i.e.,, HVS models and natural images, compound and suprathreshold distortions, effects of distor-
tions on image appearance, multiple types of distortions, geometric changes, enhanced images and aes-
thetic quality, and runtime performance hold more significantly also for the TQA which is far more
demanding than IQA. Even if some of these challenges can be partially solved, using, for example,
appropriate invariants.

Soundararajan presents another survey of information theory-based assessment methods
(Soundararajan & Bovik, 2013), using the entropies of wavelet coefficients. He et al. (2014) use the non-
linear logistic function and Pearson, Spearman correlations, the root mean square error, and the mean
absolute error to compare criteria between the objective and perceptual values on the LIVE database.
Blind image (no-reference) quality criteria pose a challenging problem; their surveys are detailed in the
works by Manap and Shao (2015) and Xu et al. (2017). These surveys cover distortion-specific algorithms
assessing blurring, blockiness, ringing, noise, and general-purpose methods. Seven of these algorithms
are compared in detail. The paper by Manap and Shao (2015) surveys several distortion-specific quality
criteria and evaluate them on the LIVE database. A survey paper by Zhai and Min (2020) refers to numer-
ous IQA databases, and four of them are used to compare several static image quality criteria, albeit
without any discussion. These databases generally contain the set of reference and altered images used,
along with corresponding average quality ratings for each altered image. As they contain pixel-wise cor-
responding images, they cannot be used for TQA.

Bohra et al. (2020) proposed NR-IQA based on the spatial frequency response and deep learning. It
cannot be applied to random textures besides the necessity to learn neural nets. Zhou et al. (2020) NR-
IQA uses neighborhood co-occurrence matrix to compute discriminative entropy, contrast, homogeneity,
and edge features from single RGB channels, thus ignoring their spectral correlation. Several 1QA papers
(Deng et al., 2021; Freitas et al., 2016a, 2016b, 2016¢, 2017, 2020; Rezaie et al., 2018; Yan et al, 2015;
Zhang et al., 2015) use different variants of LBP (local binary pattern) features, form the joint histograms
and estimate image quality using support vector regression or random forest-based criteria. These meth-
ods neglect spectral correlation, use non-descriptive LBP features and are not evaluated on textures.
Kyal et al. (2021) local quality pattern NR-IQA method uses Lambertian reflectance, logarithmic pixel dif-
ference, and logarithmic pixel difference hash non-descriptive features instead of LBP.

Only a handful of studies have focused on TQA (Haindl et al., 2014; Kudélka & Haindl, 2016, 2018;
Rajevenceltha & Gaidhane, 2022). The papers by Kudélka and Haindl (2016), Kudélka and Haindl (2018)
propose multispectral criteria derived from descriptive Markovian model statistics, specifically, multimo-
del cross-prediction. Rajevenceltha and Gaidhane (2022) proposes a monospectral criterion based on
rotation-invariant textural Local Binary Pattern (LBP) features computed from rescaled images and the
support vector classifier. However, this criterion has yet to be tested on a texture database.

This paper presents a comprehensive evaluation of 27 established quality assessment criteria for tex-
tural models, with the goal of replicating realistic conditions for visual scene recognition. Our aim is not
only to investigate techniques specifically developed for TQA, but also to explore IQA methods that can
be applied to textures—particularly those that do not rely on pixel-wise correspondence between the
compared textures. The key contribution of this study is the potential replacement of traditional psycho-
physical texture quality evaluations—which are costly, time-consuming, and cumbersome-with a more
practical, numerical criterion, at least to an approximate extent.

Building on our preliminary analysis (Haindl & Shaikh, 2023), we expand the evaluation by introducing
numerous additional criteria for TQA. We apply Spearman correlation at two significance levels, calculate
the percentage of mutual uncorrelations using Pearson’s method, and provide further analytical insights.
The evaluation is conducted using the Institute of Information Theory and Automation, Czech Academy
of Sciences (UTIA) texture quality benchmark, which enables direct comparison between the computed
criteria and human perceptual rankings. This comprehensive analysis enhances our understanding of
TQA and supports a wide range of applications in visual scene understanding and synthesis.

The primary barrier to the practical adoption of existing Texture Quality Assessment criteria is their
notably weak correlation with human perception, coupled with their inability to capture the
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considerable variability of textures observed in real-world conditions. Furthermore, most of these criteria
are monospectral, and their disregard for spectral information poses a significant limitation to achieving
reliable and robust performance.

2. Image and texture quality measures

A key distinction between IQA and TQA is the lack of pixel-wise correspondence in textures. As a result,
straightforward metrics such as the Minkowski distance cannot be directly applied to identically indexed
pixels. Therefore, all the measures discussed in the following sections share a fundamental prerequisite:
they do not rely on pixel-wise correspondence. Here, X, Y denote the original (measured) and compared
(e.g., synthetic) multispectral textures, respectively. The r;—th monospectral texture component is repre-
sented by y,, and x,,, where (x, .; = x;). The mean values are given by p, and py, and the standard devi-
ations are oy, and oy, . The sample cross-correlation of x,, and y,, after removing after removing their
means is denoted by oy, y, . The symbol e represents all corresponding indices, and r = {r,r;, 13} is a

multi-index with the row, column, and spectral indices. While most quality measures consider only gray-
scale images, we generalize them to multispectral images using their average overall spectra (denoted
in (14)-(12) but further avoided to simplify notation). Specifically, we compute a TQA measure for each
individual spectrum and then average the results.

2.1. Histogram criteria

Histograms approximate the density of the underlying data distribution, though they do not preserve
spatial information. Nevertheless, histogram-derived statistics can be effectively used for TQA.
Histogram-based quality assessment criteria compare the empirical histograms of the reference and test
images to evaluate their similarity.

Minkowski — form distance L, is defined as follows:
Du(X,Y) = (TG X) ~ h(i V)P )
where the value of p is constrained such that 1 < p > oo to ensure the properties of a metric.
Weighted mean variance (WMV) is used for empirical means p,(X), 1, (Y) and standard deviations
o,(X), o,(Y). This distance is defined by

R T

where (.) denotes an estimate of the standard deviation of the respective entity.

Kolmogorov-Smirnov (KSD) (Kolmogorov Andrej, 1933) is a distance between the empirical distribution
function of the sample and the cumulative distribution function of the reference distribution, or
between the empirical distribution functions of two samples. It is defined as the maximal discrepancy
between the cumulative distributions and has the desirable property being invariant to arbitrary mono-
tonic feature transformations. However, it is defined only for one dimension.

Dks(X,Y) = max; |F'(i; X) — F'(i; V)| (3)

Cramer/von Mises A statistic of D¢y (CvM) is defined as the squared Euclidean distance between the
distributions,

Dem(X,Y) = 32, (F'(i; X) = F(i; ¥))? (4)

Similarly to KS, it is defined only for one dimension.
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&2 Statistic is proposed for segmentation and image retrieval is given by

(h(i; X) = h(i; Y))?
h(i)

Dgz X.¥)=3

where h(i) = 3 [h(i;X) + h(i; Y)] is the mean histogram.

Kullback-Leibler divergence (KL) is an image dissimilarity measure is defined by

F(i; X)
Ity

DKL(X, Y) Z/ (I X) |O (6)

Moreover, it measures how inefficient, on average, it would be to code one histogram using the other
as the proper distribution for coding. The KL-divergence becomes infinite if the probability density
f(i;Y) does not dominate f(i;X). Alternatively, the KL-divergence can be computed between the distri-
butions of the wavelet coefficients modeled using the generalized Gaussian distribution in a reference
and the tested images subband.

Jeffrey-divergence is defined by

Dy(X,Y) = %Z (f(l X) log % +£(i; Y) log :8)’2) %

i

In contrast to the KL-divergence, JD is symmetric and numerically stable when comparing two empir-
ical distributions.

Quadratic form (QF) provides a heuristic approach given by

Da(X,¥) = /(b — ) QU - fy) ®)

where fy and f, are vectors that list all the entries in f(i;X) and f(i;Y) and Q= (21 +Z,)™"
respectively.

Earth movers distance (EMD) is rooted in solving a transportation problem and constitutes a linear
optimization challenge. The formula for EMD is defined as follows:

ZI,] g’l ij
Z/,j gl]

where d;; represents the dissimilarity between bins i and j, and g; > 0 is the optimal flow between the
two distributions such that the total cost Zi,j g;dj is minimized, subject to the following constraints

(10), (11):

3

Demp(X,Y) = 9

Y95 <fG:Y). D g5 < f(i:X) (10)
i J

Zgu min{f(j;Y),f(i;X)} . (11)

irj

2.2. Signal fidelity measures

While signal fidelity measures like SNR1, MSE, and PSNR possess straightforward physical interpretations,
they tend to lack a strong correlation with human visual perception (Tian & AlRegib, 2004; Wang &
Bovik, 2009). Additionally, they violate the non-pixelwise requirement, which is crucial for accurately
reflecting human visual perception. Despite these shortcomings, these metrics remain extensively uti-
lized. Including them here serves to highlight the challenge stemming from the absence of pixelwise
correspondence, revealing the discrepancy between these measures and human visual perception.
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2.2.1. Mean-squared error
The mean-squared error (MSE) is a commonly used FR criterion in multispectral analysis (Wang & Bovik,
2009). It is defined as follows:

1 M N A ,

MSE(X, Y) ’V’Ndr;;;m Y,)2 (12)
where M represents the number of rows, N denotes the number of columns, and d signifies the number
of spectra. The root mean squared error (RMSE) is another criterion derived from the MSE. It is the
square root of the MSE, expressed as RMSE = /MSE. Both MSE and RMSE are sensitive to outliers, mean-
ing that extreme values in the data can significantly impact these error measures. This characteristic
should be taken into account when using these criteria for analysis.

2.3. Signal-to-noise-ratio

2
SNR:10|0910 z:virxrz , (13)
ZVr (X’_ Yf)

Another signal-to-noise-ratio (SNR1, SNR2) is defined The signal-to-noise-ratio (SNR) is defined in two dif-
ferent ways, SNR1 and SNR2, as follows:

1. E{x;
SNR1(X,Y):EZ {Ix,{x};/,l} (14)

E{E{X,}} (15)
Lyl

2.3.1. Peak signal-to-noise-ratio

The peak signal-to-noise ratio (PSNR) (Chandler & Hemami, 2007) FR is the ratio between the maximum
possible power of an image and the power of corrupting noise. An image PSNR estimation requires
comparing the image to an ideal clean image with the maximum possible power. PSNR is the standard
way to measure fidelity. The PSNR is calculated using the following formula:

2
PSNR—10Iog1o<max{y'/’\;”§l'___x""'}) . (16)

SNR2(X,Y) = H

HMQ

PSNR is measured in decibels (dB). A higher PSNR generally indicates higher similarity. For two identi-
cal images, the PSNR is infinite. The correlation between SNR or PSNR and visual quality (HVS) is known
to be poor (Damera-Venkata et al., 2000). This means that a higher PSNR does not necessarily translate
to a higher perceived image quality.

2.3.2. Contrast signal-to-noise-ratio

The contrast signal-to-noise ratio (CSNR) is computed as thresholded contrast signal-to-noise ratio
(Chandler & Hemami, 2007). Let /s and E; denote, respectively, the image and distortion content within
an octave band of spatial frequencies centered at frequency f (where f represents the radial distance
from zero-frequency in cycles/degree). The contrast SNR at f, CSNRy, is defined as:

C(k)
C(Ep)’

CSNRe¢(1,E) = (17)

where C(l) and C(Es) denote the respective RMS contrasts of these components.

2.4. Structural similarity indices

The structural similarity indices (SSIM, MSSIM, STSIM) are based on the premise that the structural infor-
mation of an image can be represented by a function, typically a simple multiplication, of three
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components: luminance /, contrast ¢ and structure s. The luminance component represents the intensity
of light, the contrast component signifies the difference in color and brightness, and the structure com-
ponent encapsulates the arrangement and relationship of the visual elements within the image.

2.4.1. Structural similarity index
The structural similarity (SSIM) index, as defined by Wang et al. (2004), is a method used to measure the
similarity between two images. It is expressed as:

SSIM(X,Y) = I(X,Y)c(X, Y)s(X,Y) = (18)
o 2my + G 2040y + G, oxy + G
W+ +G )\ o2+ 02+ C ) \oxoy + G !
where cyy is the sample cross correlation of x and y after their means have been removed. C;, C;, G5 are
small positive constants that stabilize each term. Single terms rightwards in (18) measure image lumi-

nance, contrast, and structure similarity, respectively. A multi-scale SSIM extension, or MS-SSIM, was
introduced in Wang et al. (2003). Another variant, MSSIM, is based on SSIM blocks and is defined as:

1< o
MSSIM(xi,yi) = —>_SSIM(xiy;), (19)
j=1

where n is the number of subblocks in the images where SSIM is locally evaluated. Despite the good
performance of the SSIM index, several modifications have been proposed to improve performance.
However, the gains achieved in performance are minimal and statistically insignificant (Moorthy & Bovik,
2011).

2.4.2. Complex wavelet-structural similarity index
The complex wavelet-structural similarity (CW-SSIM) index (Wang & Simoncelli, 2005) is essentially the
SSIM index computed in the complex wavelet domain. It is defined as:

2132 o - il +K
S (el + ley,i?) + K

where ¢ represents complex wavelet coefficients and ¢y ; is the ith coefficient from the image X (analo-
gously for the image Y), z* stands for complex conjugate, C is the number of complex wavelet coeffi-
cients, and K is a small positive stability constant. Banafsheh Azari et al. (Azari et al, 2018) investigated
the applicability of objective image quality metrics to predict levels of perception degradation for com-
pressed BTF textures. They concluded that there is a significant correlation between subjects’ ability to
perceive existing differences between the images and predictions of VDM/CW-SSIM models.

CW-SSIM(¢cy, €y) = (20)

2.4.3. Global phase coherence measure

Wang et al. (2010) introduced a novel IQA metric known as the structural similarity index based on glo-
bal phase coherence (GPC-SSIM). This metric considers both the spatial domain’s structural information
and the frequency domain’s phase characteristics. The researchers concluded that the classic objective
IQA, SSIM, can effectively measure the quality of the image edge in the smooth transition region by con-
sidering the image’s structural information and phase characteristics, and fully utilize prior knowledge to
detect phase coherence. This proposed method has potential applications in precise automatic-focusing
systems, although it would require a more real-time auto-focusing system for optimal performance. The
global phase coherence (GPC) is defined as:

{TV(u) < TV(u), € P}I> (21)

GPC(U) = —lOgm( |P‘

where P is the vector space of the odd phase function, |P| is the Lévesque measure of the set P, and
the total variance of a discrete image u in bounded Q domain is:
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TV(u) = > |Vu(x)|. (22)

XeQ

2.4.4. 2-step quality assessment

Yu et al. (2018) introduced a new IQA metric known as 2stepQA. This metric integrates no-reference
(NR) and reference measurements into the quality prediction process. The researchers concluded that
this approach when tested on a recently developed subjective database, outperforms state-of-the-art ref-
erence models. 2stepQA is a model and algorithm that combines Reference(R) and No Reference (NR)
quality measurements in a unified manner. It is defined as:

QZstep = Qr.Qmr (23)

where Qg corresponds to a suitably mapped score (in this case, they use MS-SSIM) computed on a refer-
ence image and a distorted version of it. Meanwhile, Quz is the reference image’s suitably mapped NR
score (here, NIQE). A key aspect of 2stepQA is its versatility, as it allows for the use of other combina-
tions of reference and no-reference models. This provides a general framework for addressing this prob-
lem. Given the popularity and efficacy of the MS-SSIM and NIQE models, the exemplar 2stepQA model is
defined as:

NIQE
Qustep = MS — SSIM. (1 - TQ> (24)
where Qg = MS — SSIM, Qug = 1 — Y% and o = 100.

2.4.5. FSIM

The feature similarity (FSIM) index (Zhang et al., 2011) is a full reference (FR) type of index that evaluates
visual fidelity by combining phase congruency and gradient feature space. FSIM assumes that the
human visual system (HVS) perceives images according to low-level features. FSIM is applied to grayscale
images or the luminance components of color images only, with FSIM. being its color extension.
Although it is contrast invariant, points of high phase congruency can extract highly informative fea-
tures. The original RGB color images are converted into another color space, YIQ, which separates the
luminance from chrominance (Z =Y, I, Q]T). Here, Y represents the luminance and /,Q the chrominance.
The FSIM is then calculated as follows:

Y 2ea Spc(2)S6(2)[51(2)S0(2)) PC(2)

FsiMe = > 20 PCnl2) : 2
2PC,(2)PC,(Z) + ¢
@) =peaz) 1 PGD) T
| 26,(2)6,2) + ¢
-Gz qD o
2(2(2) + 6
SO = kDo
o2 - 202D +a
TR @D ta
> Eo(2)
PC(Z) N € Zs ]2:/ AS, 0 (Z) '

PC(Z) = max{PCy(2),PC,(2)},

where A > 0 is the parameter adjusting the importance of the chromatic components, ¢y, ¢,, 3, ¢4 are
positive constants, s is scale, 6; orientation, and A; g, is the local amplitude.

2.4.6. ESSIM

The edge strength SSIM (ESSIM) (Zhang et al., 2013) metric assumes that the edge strength of each pixel
fully represents the semantic information of images. The edge strength quantifies the chance or possibil-
ity of a pixel belonging to the edge of a semantic object. For color images, ESSIM can be applied to the
RGB luminance component. The ESSIM is defined as:
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1 2e(Xy)e(Yy) + ¢
NMZ e2(X;) +ex(Y,) +c¢’

€1’3(Y,) |ahonz Y avert. Yr‘p,
62/4( | dlag.Y _ aantidiag Yr|p:
max{e 3(X),e*(X)},

B Y,), if e(X,) =e"3(X,)
- Y,), if e(X,) = e*4(X,)’

ESSIM(X,Y) = (26)

=

where N x M are X,Y images, 0" are directional derivatives computed using convolution with the Scharr
kernels, and c is a constant.

2.4.7. BIQI

The blind image quality index (BIQI) (Moorthy & Bovik, 2011) is a method used for IQA that involves distor-
tion identification followed by a distortion-specific quality assessment. A Daubechies 9/7 wavelet transform
is conducted over three scales and orientations, and the subband coefficients are parameterized. These
sub-band coefficients (18 features) are subsequently modeled by a generalized Gaussian distribution:

p(x, 1, 6% y) = aexp {—(blx — u|)"}, (27)
Ca -ty g r(3y™")
a_BEF(Y )'b_G r(y-1y

x) = [;° 7 exp {~t}dtx > 0,

where 1, 62, v are the mean, variance and shape parameter of the distribution, respectively.

2.4.8. Structural texture similarity measure

Zujovic et al. (2009) developed the structural texture similarity metric (STSIM-(28)). They concluded that
while the proposed technique is closest to the ideal slope of one, it is still a long way from ideal per-
formance. One possibility for improvement is to decouple the grayscale from the color judgment.
Another issue to be addressed more carefully is the texture scale. The proposed work can extend this
idea further by including a broader set of local image statistics, basing the selection on metric perform-
ance compared to subjective evaluations. The STSIM criteria are based on a set of statistics computed
for each texture subband factor. They are extensions of the CW-SSIM criterion in three versions: STSIM-1,
STSIM-2, and STSIM-M (Zujovic et al., 2013). STSIM-1 is created from CW-SSIM (Wang & Simoncelli, 2005)
by replacing the ‘structural’ term with terms that compare first-order auto-correlations of corresponding
subband coefficients pf(0,1) in the horizontal and p¥(1,0) in the vertical direction. Here, X and Y are
the target and compared textures, respectively, and X; is a pixel at location r € | , where | is a discrete
two-dimensional rectangular lattice. The multi-index r = [y, 1] is composed of r; row and r, column
index, respectively. In the equations for a single subband m, the p is typically set to 1.

STSIM-I™(X, Y) = (12, ) (<) ¥y (0.1))* (R (1,0))",

m 2uypy + G 20x0y + G

X'Y_<p +uY+C)( V)= oi+oi+G)

v (0, 1)—1_05‘9)( 1) -py [,

E{IX = X7 = 7] }
(Gx)z

where [{', is a luminace, and C;, C; are small positive constants. STSIM-2 extends the concept by adding

(28)

Px'(0,1) =

m,n

X (0,0) between subbands m and n. It is defined as:

a cross-band correlation coefficient, p
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YN STSIM-1™(X,Y) + 3 /" (0,0)

STSIM-2(X,Y) = '
( ) Nb+Nc p
¢(0,0) = 1-0.5[p"(0.0) - p"(0.0) (29)
N ol
plx"(0,0) = :
ST O

where N, is the number of subbands and N, is the number of possible crossband correlations. STSIM-M
(STSIM-Mahalanobis), on the other hand, takes a different approach. Instead of combining the terms
above into a single measure, it uses them to create feature vectors fy and fy and then calculates the
Mahalanobis distance between the feature vectors:

STSIM-M(X, Y) =

where o7 is the standard deviation of the ith feature across all feature vectors in the set. To compute

the distance between two textures, STSIM-M requires statistics based on the whole set, and the results
are only relative to the set. This is unfavorable for our cause; therefore, the STSIM-M was not included in
our tests. Pappas et al. (2013) examined the relation of STSIMs to existing models of texture perception,
texture analysis/synthesis, and texture segmentation. They emphasized the importance of signal charac-
teristics and models of human perception, both for algorithm development and testing/validation.
Future enhancements could include the development of similarity metrics that can provide consistent
measurements between smooth, textured, and transition regions, and exploring the relationship and
integration of visual texture with other modalities (tactile and acoustic). Zujovic et al. (2013) developed
objective metrics for texture similarity that account for human visual perception and the stochastic
nature of textures. They concluded that new metrics for texture similarity that account for human visual
perception and the stochastic nature of textures have been developed. Zujovic et al. (2015) defined per-
formance requirements and testing procedures for objective structure texture similarity metrics (STSIM).
They concluded that the proposed subjective testing procedure and the performance of the metrics are
effective. Their results demonstrate that developed structural texture similarity metrics effectively dis-
criminate between similar and dissimilar textures, outperforming other metrics.

2.4.9. Information fidelity criterion

Sheikh et al. (2005) introduced a novel information fidelity criterion (IFC) based on natural scene statis-
tics. This criterion quantifies the information shared between the distorted and the reference images.
Under certain conditions, the IFC is quantitatively similar to a human visual system (HVS) based quality
assessment (QA) method. Assuming Gaussianity of the wavelet decomposition X,Y of textures X, Y, the
IFC is the mutual information between the source and the distorted images:

1 97,457,450

IFC(X,Y)ZEZZIogz R (31)

vd Vrel v

where d is a subband of the wavelet decomposition X, Y, g; are the attenuation factors that capture the

loss of signal energy in a i—th subband due to the blur distortion, o, is the variance of a Gaussian scalar
2

RF with mean zero, o7 is white Gaussian RF variance. 6 = 1 is assumed to be unity, s? , is estimated

from localized sample variance estimation.

2.5. Visual Information fidelity

In subsequent work, Sheikh and Bovik (2006) explored the relationship between image information and
visual quality, and presented a Visual Information Fidelity (VIF (32)) criterion for full-reference IQA as an
extension of IFC. VIF quantifies the information present in the reference image and how much of this
reference information can be extracted from the distorted image. It fuses these two quantities to
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evaluate the loss of information. In the process, VIF decomposes images into different subbands, which
can be assigned different weights at the pooling stage. This allows for a more nuanced and detailed
analysis of the image quality. This approach provides a comprehensive framework for assessing the fidel-
ity of visual information in images. The VIF is defined as the ratio of the summed mutual information:

. N v,
vE = NG 3ial(e fil)

_ ) 32
IGEX) SN (e eilx) 2

IX2Cy + o2l 1
I(ci; eifx;) = 5|09 TH Zl

|g/ /ZCU+( V+Gn>||
(o7 + o)l

:_Zl ( glvgrz:/),

where E and F are models in a wavelet domain for what the human visual system (HVS) captures from
original and test images, N is the number of subbands, Cy is a covariance matrix (without considering
noise and scale factors) of E, }; is the j-th eigenvalue of Cy, x is a realization of an original image, &, o,
are error and noise variances, and g is an attenuation factor. It has been demonstrated that VIF performs
well in scenarios with single-distortion as well as cross-distortion. A potential extension of VIF for video
quality assessment (QA) could involve the use of spatiotemporal natural scene models and inter-sub-
band correlations.

I(ci; filxi) = Iog

2.6. Deep image structure and texture similarity

The Deep Image Structure and Texture Similarity index (DISTS) (Ding et al., 2022) is a method that com-
bines quality measurements from different convolution layers using a weighted sum. It is defined as:

DISTS(X, Y, 0,B) = 1 — ZZ (cx,, v (33)

i=0 j=

Zu)({ju(y'j +a

- N 2 N 2 ’
CIECET

m n;
Ty TEE
(o + (o} + G i=0 j=1
X; Yj
where oy, B; are positive learnable weights, satisfying (2.6), An advantageous property of DISTS is its
insensitivity to mild local and global geometric distortions, which is particularly beneficial for textures.

The disadvantage of this criterion is its requirement of a sufficient number of learning data to learn its
weights reliably.

2.6.1. Noise quality measure

The noise quality measure (NQM) (Damera-Venkata et al., 2000), based on Peli's contrast pyramid (Peli,
1990), takes into account the variation in contrast sensitivity with distance, image dimensions, and spa-
tial frequency, as well as the variation in the local luminance mean, contrast interaction between spatial
frequencies and contrast masking effects. It is defined as:

ZVrszd
NQM (X4, Y4) = 10log 1o [ —=219 |, (34)
ZVr (Xr,d - Yr,a’)2

where Xy is the simulated version of the model-restored image, Y, is the restored image, and d is one of
six frequency filters.



12 M. HAINDL AND N. SHAIKH

2.6.2. Correlation measure
The Monospectral correlation measure (Damera-Venkata et al., 2000) quantifies the magnitude of the
correlation coefficient between X, 4, Ys 4:

_ |COV(X.' dr Y', d) |

C(Xe,d Yo d) 0<CX,Y) <. (35)

Ox,dOv,d

2.7. Visual signal-to-noise-ratio

The visual signal-to-noise ratio (VSNR) (Chandler & Hemami, 2007) is a two-stage approach. In the first
stage, contrast thresholds for detecting distortions in the presence of natural images are computed via
wavelet-based models of visual masking and summation. This is done to determine whether the distor-
tions in the distorted image are visible. The second step uses the threshold contrast to compute contrast
detection thresholds. The VSNR metric has three key features: 1) It performs competitively with other vis-
ual fidelity metrics. It has been developed not based on low-level properties of vision but instead oper-
ates based on overarching hypotheses of what the human visual system attempts to achieve when
shown a distorted image. 2) It is efficient regarding computational complexity and memory require-
ments. 3) It operates based on physical luminance and visual angle and can accommodate different
viewing conditions. The VSNR is defined as:

Cz(/)>

c(/
sviogr( O\
adpe + (1 — o) 72

where C(/) denotes the RMS contrast of the original image / given by C(/) = o)/, and the default
value is o, = 0.4. dgp is calculated as the Euclidean distance between the global parameter vectors of
the distorted image, and the reference image. dy is calculated as a fraction of the expected distortion
contrast threshold and o € (0; 1) is the parameter that determines the relative contribution of the per-
ceived contrast of the distortions and the extent to which global precedence has been disrupted. The
VSNR metric is limited to grayscale images and ignores spatial information. Also, the VSNR metric is a
measure of visual fidelity and not a measure of visual quality (Chandler & Hemami, 2007).

2.8. Markovian texture fidelity criteria

The criterion { (Kudélka & Haindl, 2016) measures cross-prediction error when using data from the ori-
ginal texture X and estimated parameters ¥ from the 3-dimensional CAR causal auto-regressive random
(3DCAR) texture model Y. It is defined as:

(Y) = 0 S K= T, @7)
m vrel

where ¥,_; = [A1,r-1, ..., An,r—1] is the d x d n estimated parameter matrix with square sub-matrices
Agr—1and Z, is the dn x 1 data vector with multiindices r,s. For more details, see (Haindl, 2012). Before
calculating the cross-prediction-based measure (CPM) (Kudélka & Haindl, 2018), the texture is down-
sampled twice by a factor of two. Then, the two images are upsampled back to the original size and
combined with the original image, essentially creating a 9-spectral (d =9) image. The idea is to add
more information from lower frequencies. This approach proved successful, as results were better than
using the original texture resolution only.

The CPM measure, similar to the {(X,Y) measure (37) (Kudélka & Haindl, 2016), is based on a cross-
prediction but using the 3DCAR model. It measures the difference between prediction and cross-predic-
tion:
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CPM(X,Y) = max{B( .8, 7.7 )},

1 ZVrel (Yre1 Ze = Ye1 Z2)
B T) = 51 .
2/d ; |I{s}|

d Zwe/ (Yr—1 Z~r = Yr1 Zr)
Y g {s}
v v.7) = ZdZ s

where [ is the number of bits per spectral band, /{5, C I is some window identical on both textures X, Y,

' (38)

’

Y,Z, v are data and parameters from the original texture Y, while )7,2,,? are data and parameters from
the synthetic (or compared) ith texture. Due to the pixel range normalization CPM(X,Y) € (0;1) with 0
being the best value as it is a specific kind of error measure.

2.9. Entropy

Tsai et al. (2008) proposed a metric based on transmitted information (Tl). They concluded that their
method helps evaluate physical image quality in medical imaging. Their experimental results revealed a
correlation between the amount of Tl and image noise and blurring. This suggests that their method
could be beneficial for assessing physical image quality. Future work will analyze the quantitative influ-
ence of image noise and image blurring on the amount of Tl. However, how these two factors individu-
ally affect the amount of Tl remains to be determined. The entropy equation is given as:

Zp .log,p(S;) (39)

Here x and y are two random variables corresponding to an input variable and an output variable,
The entropy for the input and that for the output are denoted as H(x) and H(y), respectively. The joint
entropy, H(x,y), is defined as:

H(x,y) = H(x) + Hx(y) = H(y) + Hy(x), (40)

where H,(y) and Hy(x) are conditional entropies. The entropic differences can also be computed
between the wavelet coefficients (Soundararajan & Bovik, 2013) of the reference and tested images.

2.10. Quality index

A universal objective image quality index (IQl) (Wang & Bovik, 2002) models image distortion as a com-
bination of loss of correlation, luminance distortion, and contrast distortion. Let x = {x;|i = 1,2, ...,N}
and y ={y;li=1,2, ...,N} be the original and the test image signals, respectively. The proposed quality
index is defined as:

4oyX Y

QI = ,
(2 +03) [0+ ()]

(41)
where
N
Zx,, oF = —Z(xi - 1%
N
hy NZM' O = 1T - )
ny - HZ(XI - p'x)(yl - uy)

2.10.1. Fusion quality index

Piella and Heijmans (2003) proposed a new quality metric for image fusion. Their metrics are based on
an image quality index designed to model any image distortion as a combination of three factors: loss
of correlation, luminance distortion, and contrast distortion. They performed several simulations demon-
strating that their metrics align with subjective evaluations. Therefore, their metrics can be used to
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compare different image fusion methods or to find the best parameters for a given fusion algorithm.
They concluded that their measures are easy to compute and applicable to various input modalities. The
quality index is defined as:

Q(a,b,f) = Z w)Qo(a, flw) + (1 = M(w))Qo (b, flw)], (42)
|W| wew
where, image a has a large saliency compared to b, the quality index Q(a, b, f) is mainly determined by
the input image a. Conversely, in regions where the saliency of b is much larger than that of a, the
index Q(a, b, f) is determined mostly by input image b.

2.10.2. Mean reciprocal rank
Alfarraj et al. (2016) introduced a non-parametric texture similarity measure based on the singular value
decomposition of the curvelet coefficients, followed by a content-based truncation of the singular val-
ues. This measure focuses on images with repeating structures and directional content, such as those
found in natural texture images. They concluded that the effective rank of their distribution adaptively
determines the number of effective singular values. The similarity of the two images is calculated as the
Czekanowski coefficient (Czekanowski, 1909) between the corresponding vectors of their effective singu-
lar values. The mean reciprocal rank (MRR) is the average reciprocal rank of the first correctly retrieved
image:
1S

MRR = &5 < rank;(1) 43)
where rank;(m) is the rank of the m'h correctly retrieved image for a query image f;. The Mean Average
Precision (MAP) is typically used when there is more than one relevant image for a given query image.
It takes into account the order in which the images were retrieved. Average precision (AP) is calculated
for each query instance as follows:

1 S-1

m
AP() = S-1 n; rank;(m)’ (4
Then, the MAP is calculated as:
MAP = liAP(i). (45)
SC 4

All of the used information retrieval metrics are in the range [0, 1] with 1 being a perfect score.

2.10.3. NSRCIQ

Zhang et al. (2016) proposed a No-Reference Image Quality Assessment (NR-IQA) approach using feature
sparse representation in two-dimensional spatial correlation (NSRCIQ). They studied the effectiveness of
NSRCIQ and analyzed the relationship between image quality and three extracted features: standard
deviation, grayscale deviation, and distribution width. They concluded that the Image Quality
Assessment (IQA) scores have comparable accuracy and exhibit high linearity to human perception of
image quality. They suggested that their algorithm could be implemented in real time in the future. The
NSRCIQ is calculated as:

S B:DMOS - 5;
By
where N is the number of atoms in the dictionary, B; is the corresponding sparse solution vector, DMOS;
is the differential mean opinion scores of the ith image patch in the dictionary, and the s; is given by:

SSi + GS; + WS;

S = (47)
I ZLSS,- + ZLGS; + ZL Wi

NSRCIQ = (46)
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where N is the number of atoms in the dictionary, SS; is the largest standard deviation, GS; is the largest
gray-scale deviation, and the WS; is the largest distribution width. The NSRCIQ estimation, ranging from
0 to 80, is the final quality score of the test image, with a lower NSRCIQ value implying a higher test
image quality.

2.10.4. Image gradient synthesized texture quality assessment

The reduced-reference synthesized TQA metric (IGSTQA) proposed in Golestaneh and Karam (2018) is
based on measuring the spatial and statistical attributes (granularity, regularity, and kurtosis) of the tex-
ture image in the wavelet space. This metric is restricted to grayscale images and uses image and gradi-
ent-based wavelet coefficients at multiple scales. The method begins with multi-scale decomposition
using an undecimated wavelet transform and estimates the mean and the standard deviation of the
locations of local extrema in wavelet sub-bands. This is based on the distribution of the absolute values
of the wavelet coefficients in each sub-band and the standard deviation, skewness, kurtosis, and entropy
of the wavelet coefficient magnitude’s distribution at each level of the multi-scale decomposition. The
IGSTQA is computed as follows:

IGSTOA= 3" log [1 + a(VKN + Vou + VSy+
NE{I,IGM}

VEy + VG + VRN)}

1 L
VK =50 D D K=Kl
Xe{H,V} j=1

1
VGN = 5 |:mjax ‘G:r'l,j,N - Gi/,j,N‘ + mjaX |G’{/rer - Gi/'j'N|

where o =100, VKy is he distance between the kurtosis attributes Ky;y of the jth sub-band
X € {VH;,HH;}, oy is the standard deviation, Sy the skewness, Ey is the log energy entropy, Gy is the
texture granularity, upper index r,s is the reference and synthesis texture, Ry is the regularity, and N is
the gradient magnitude texture.

2.10.5. NR-IQA
The NR-IQA is a rotation-invariant no-reference image quality assessment approach (Rajevenceltha &
Gaidhane, 2022) that is based on texture and structural information. The texture information is derived
from the Local Binary Pattern (LBP), while the structural features are obtained using the hyper-smooth-
ing of LBP (H-LBP) and the Laplacian of H-LBP (LH-LBP). Statistical features such as the mean, variance,
skewness, and kurtosis are computed for LBP, H-LBP, and LH-LBP maps. These extracted 12 features are
then input to the quality prediction model, which uses support vector regression. The LBP is calculated
as follows:

p—1

LBPp g = Zsign(Ys -Y,)25, (49)
s=0

. 0, ifY.<Y
sign(¥s — Ye) = {1 iV, > v,

where P is number of samples in a circular neighbourhood of radius R, and Y, is the central pixel grey-
scale value.

3. Texture fidelity benchmark

We have developed a texture fidelity benchmark (Haindl et al., 2014) to aid in validating texture fidelity
criteria. This was motivated by the need for existing benchmarks with ground truth scores or ranks cre-
ated by demanding psychophysical human evaluation. Our benchmark is a web-based service (http://tfa.
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utia.cas.cz) designed for performance evaluation, mutual comparison, and various texture fidelity meas-
ures ranking. It supports rapid verification and development of new fidelity criteria approaches. The
benchmark includes seven color texture series with varying quality levels (Figure 1), along with their
grayscale counterparts. Figure 1 illustrates examples of both original and synthesized textures. Panels (a)
and (g) show the original measured textures, while panel (d) presents an artificially generated multicolor
texture used as a reference. Panel (b) displays a texture synthesized using a spatial Gaussian mixture
model, whereas panels (c) and (i) demonstrate synthesis based on spectrally decorrelated Gaussian
Markov random field models. Panel (e) illustrates synthesis with a 3D spatial moving average model,
panel (h) shows results from a Gaussian pseudo-Markov random field model, and panel (f) depicts syn-
thesis using a spatial causal autoregressive model. Together, these examples highlight the diversity of
approaches used to replicate or model texture appearance.

These textures were selected from our natural color texture database, which contains 2,500 textures
across 35 classes. In total, the benchmark contains 204 images, each sized 512 x 512, and ranked by 30
adult research observers with corrected vision. While the observer group does not represent a statistically
valid sample of the general population, it is well-suited for the intended context-scientists manually
assessing texture synthesis quality during model development. The rankings were obtained by presenting

Figure 1. Examples of the measured (left column - a, d, g) and synthetic textures in the other two columns, upper
row (a—c) - textile, middle row (d—f) — handmade artificial color texture, bottom row (g—i) — wood.
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three images (the target image and two synthetic ones) under controlled laboratory conditions, asking
observers to select the synthetic image most similar to the target. A key challenge is that the number of
comparisons grows quadratically with the number of synthesized textures. With just a dozen images, this
already results in approximately a hundred comparisons, requiring a significant amount of time.

In determining whether we can use an already published criterion for TQA, it is necessary to have tex-
ture series ranked by quality by human observers. This ranking provides a ground truth against which
we can meaningfully compare the criteria. While several databases exist that contain either real-world
images or textures, none of them offer benchmarks with ground truth scores or ranks. Therefore, we
developed this benchmark as a viable and reliable method for testing new texture fidelity measures,
resulting in a series of ten to seventeen synthetic textures for each target-measured texture.

The benchmark comprises six natural and one synthetic color texture, along with their grayscale ver-
sions. These textures were mathematically synthesized using various models and quality constraints. The
benchmark presents all possible pairs of textures to human observers, one pair at a time, and asks them
to choose a texture more similar to the original. We also measure the time it takes for a user to make a
decision. The ranks are constructed from the collected data. The benchmark calculates the ranks of the
tested criteria and then computes Spearman’s rank correlation coefficient between these ranks and the
human rank to test the measures. The Spearman’s rank correlation (or the Kendall rank correlation)
measures the prediction monotonicity, while the Pearson correlation measures linearity and consistency.

4, Results

We used the texture fidelity benchmark (Haindl et al., 2014) to validate the agreement between TQA cri-
teria and human perceptual rankings. For most individual TQA measures and correlation criteria, we
implemented our own C+-+ code, with a few exceptions handled in MATLAB. The parameters for each
criterion were adopted from their respective original publications and kept fixed throughout all bench-
mark experiments. The benchmark includes texture series that have been ranked by human observers,
providing a reliable ground truth for comparison. We use Spearman'’s rank correlation to measure predic-
tion monotonicity, while Pearson’s correlation measures linearity and consistency. Table 1 displays the
Spearman rank correlation for a single benchmark texture series, the median correlation, and the stand-
ard deviation for two Markovian and two STSIM criteria, respectively. The Markovian criteria show better
agreement with the human quality ranking and have a more minor standard deviation. Table 2 illus-
trates these four criteria applied to the grayscale textile texture no. 10, criteria values, their mean values,
variances, and differences from the criteria optimal values (5%).

Table 3 (first part), Table 4 (second part) illustrate the mutual Pearson’s correlation median for
twenty-seven alternative tested criteria and computed for all fourteen texture benchmark series. Blue
numbers denote pairs of criteria where at least 75% of the fourteen texture benchmark series are uncor-
related on the significance level 0,05. These tables reveal the ESSIM criterion correlation with all others
and a strong correlation of the NQM, Minkowski, CvM, QF, WMV (77%), FSIM, SNR1 (73%), and PSNR,
Jeffrey divergence (69%) criteria. The table reveals a robust linear relationship between (MSE, PSNR,

Table 1. Spearman’s rank correlation between the human rank and the criteria results;
Textures 1-7 are color images, and the remaining are gray scale.

Texture no. CPM ¢ STSIM-1 STSIM-2
1 0.765 0.866 0.483 —0.539
2 0.706 0.797 0.505 0.400
3 0.723 0.801 0.860 0.571
4 0.797 0.363 0.857 0.813
5 0.782 0.721 0.636 0.370
6 0.859 0.600 0.767 0.767
7 0.534 0.670 0.420 0.174
8 0.711 0.566 0.608 —0.385
10 0.797 0.909 0.892 0.654
12 0.745 0.794 0.782 0.321
14 0.560 0.456 0.662 0.530
p 0.725 0.686 0.679 0.334

min{p} 0.534 0.363 0.420 —0.539
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Table 2. The measures values, mean measure values (@), the distances of the mean
measure value from the optimum (8*), and measure variances for the grayscale textile

texture no. 10. The first column is a list of various quality modeling experiments.

Texture no. 10

synthesis CPM C STSIM-1 STSIM-2
1 0.052 4.5820 0.871 0.918
2 0.055 5.7472 0.873 0.892
3 0.035 5.5038 0.834 0913
4 0.040 4.3384 0.901 0.930
5 0.062 4.8765 0.881 0912
6 0.057 4.8806 0.902 0.926
7 0.031 4.5872 0.875 0.930
8 0.075 4.0194 0.922 0.934
9 0.063 4.8738 0.928 0.898
10 0.022 3.8918 0.937 0.943
1 0.092 4.5845 0.924 0.919
12 0.036 4.2380 0.927 0.899
13 0.044 4.5893 0.921 0.910
14 0.124 3.7684 0.951 0.940
15 0.032 3.8319 0.966 0.960
16 0.035 3.6978 0.958 0.952
17 0.109 3.7283 0.927 0.927
@ 0.057 4.455 0.912 0.924
8" 0.057 - 0.088 0.076
var 0.001 0.347 0.001 0.0004

Table 3. Pearson’s correlation of quality criteria median for all materials — part | (uncorrelated criteria on the signifi-
cance level 0.05 for at least 75 % of materials).

Pearson MSE PSNR SSIM MSSIM SNR1 SNR2 1Ql VIF VSNR IFC NQM STSIMT  STSIM2
PSNR -0.19

SSIM —0.82 0.06

MSSIM -0.77  —0.03 0.86

SNR1 -0.92  -0.02 0.85 0.85

SNR2 -032 -0.01 0.37 0.32 0.64

Ql -0.85 0.06 0.58 0.61 0.58 0.24

VIF -0.37 0.05 0.23 0.39 0.26 0.20 0.35

VSNR —-0.01 -0.39 0.20 0.42 0.23 0.19 0.42 0.14

IFC —0.40 0.02 0.32 0.48 0.32 0.21 0.38 1.00 0.20

NQM —0.86 0.03 0.71 0.82 0.81 0.31 0.93 0.48 0.63 0.48

STSIM1 -0.40 0.03 0.31 0.12 0.48 0.1 0.05 0.16 0.02 0.14 0.19

STSIM2 -0.36 0.02 0.29 0.12 042 -0.08 -0.06 0.16 0.07 0.14 0.04 0.97

DISTS 030 -0.08 -—0.46 —0.16 —0.27 0.00 -025 -036 010 -028 -0.07 —0.59 —0.65

ESSIM -0.34 0.05 0.50 0.51 052  -0.07 0.02 026  —0.09 0.23 0.23 0.35 0.39

FSIM -0.75 0.17 0.66 0.74 0.75 0.34 0.25 034 -0.02 0.33 0.50 0.42 0.44

KL —-0.26 0.01 0.22 0.03 -0.11 -0.07 012 -0.22 020 -0.20 0.21 -0.25 —0.30

Minkowski 1.00 -0.10 -0.84 —0.81 -093 -033 -08 -036 —-008 -—-040 -—0.86 —0.43 —-0.41

Jeffrey 022 -0.02 -021 —0.36 -037 -023 -022 -037 0.05 -034 -0.06 -0.38 -0.33
KSD 017  -0.02 0.02 —0.20 -033 -030 -040 -0.33 005 -032 -0.12 0.02 0.07

M 026 —-0.08 -0.14 —0.09 -038 -018 -027 -0.18 020 -0.17 0.06 —0.32 —0.34

QF 076  —0.09 -0.71 —0.67 -072 -024 -072 -052 -0.01 -0.53  -059 —0.25 —0.16

wWmv 0.41 0.02  -0.29 —0.06 -024 -018 -027 -0.22 042 -0.21 0.24 —0.43 -0.34
¢ 016 -0.14  -0.05 0.03 -033 028 0.00 -0.25 035 -033 -0.03 —0.44 —0.48

CPM 017 -0.14 -0.24 —0.01 0.05 0.29 0.03 0.1 -0.04 -0.11 0.02 —0.27 —0.32

CW-SIM -0.02 -0.02 -0.05 0.05 0.09 -0.05 0.29 0.01 —0.21 -0.11 0.09 0.00 0.03

IGSTQA -0.08 —0.02 0.00 0.03 0.02 -0.23 0.07 -0.19 037 -0.12 0.34 —0.56 —0.68

SSIM, MSSIM, SNR1, 1Ql, NQM), (SSIM, Minkowski, QF), (VIF, IFC), (ESSIM, FSIM), (KL, Jeffrey, CvM), and
(STSIM1, STSIM2) groups of criteria. Table 5 (first part), Table 6 (second part) shows the percentage of
mutually uncorrelated criteria pairs from fourteen benchmark series.

Table 7 presents the median Spearman’s correlation over all fourteen benchmark material series with
the human ranking, using the 5% and 1% significance levels. The tested criteria are primarily uncorre-
lated with the corresponding human ranking. The median correlation with humans over all materials
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Table 4. Pearson’s correlation of quality criteria median for all materials — part Il (uncorrelated criteria on the signifi-
cance level 0.05 for at least 75% of materials).

Pearson DIST ESSIM FSIM KL Minkowski  Jeffrey KSD M QF WMV ¢ CPM - CW-SIM
ESSIM —0.40
FSIM —0.44 0.79
KL 019 -024 -038
Minkowski 031 -030 -076 —0.30
Jeffrey 035 -050 —0.59 0.83 0.15
KSD 0.08 —-040 -042 0.50 0.10 0.71
M 033 -029 -036 0.85 0.21 0.83 0.55
QF 029 -056 —0.67 0.31 0.74 0.62 0.80 0.72
WMV 035 -053 051 0.68 0.35 0.88 0.39 0.92 0.50
¢ 024 -003 -037 -0.02 0.20 0.14 0.01 0.24 033 0.26
CPM 0.06 0.05 0.19 0.06 0.15 -0.11 -0.19 014  -0.11 018  -0.20
CW-SIM -0.22 0.11 010 -0.12 0.06 -024 -004 -016 -0.18 —0.13 0.10 040
IGSTQA 045 -053 —0.33 0.47 —0.07 0.52 0.31 0.48 0.32 0.51 056 0.18 -0.15

Table 5. Pearson’s uncorrelated quality criteria for more than 70% of all fourteen benchmark materials on the signifi-
cance level 0.05.

Pearson [%] MSE PSNR SSIM MSSIM SNR1 SNR2 1Ql VIF VSNR IFC NQM STSIM1 STSIM2

PSNR

SSIM

MSSIM

SNR1

SNR2 79 86 71 71

Ql 86

VIF 71 79 71 86 Al

VSNR 71 79

IFC 79 79 71 86 71 79

NQM 71

STSIM1 93 Al 100 79 86 71 79 86

STSIM2 93 93 79 100 86 71 86 71 79 86 86

DISTS 93 71 100 86 86 86 93 93 93 93

ESSIM

FSIM Al 86 86 71 71
KL 79 93 79 79 86 86 71

Minkowski 79 100

Jeffrey 71 7 71 71 86
KSD 71 79 100 100 71 79 86
CvM 71 86 79

QF 71 86

WMV Al 71 79
C 79 7 79 71

CPM 100

CW-SIM 86 86 93 100 100 93 100 100 71 100 100 100 100
IGSTQA Al 79 79 93 86 100 79 100 71

Table 6. Pearson’s uncorrelated quality criteria for more than 70% of all fourteen benchmark materials on the signifi-
cance level 0.05.

Pearson [%] DIST ESSIM FSIM KL Minkowski KSD Jeffrey div. M QF WMV ¢ CPM CW-SIM

FSIM 79
KL 86
Minkowski 93
Jeffrey 86
KSD 79
CcvM 86
QF 79 71
WMV 86
C 86 71 71 79 86 79
CPM
CW-SIM 86 86 79 100 71 79 86 71 93 86
IGSTQA 86 71 93 86

and all 27 criteria is 29% and 14% for the 5% and 1% significance levels, respectively. The only corre-
lated exceptions with more than 60% correlations from 14 sets on both significance levels are
Markovian criteria { and CPM. { and CPM have the highest Spearman correlation with human ranking
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Table 7. The quality criteria spearman correlation with the human ranking Spearman median, standard deviation, and
U/C accepted uncorrelated/correlated hypothesis.

Criterion MSE PSNR SSIM MSSIM SNR1 SNR2 Ql
Median Spearman 0.232 0.091 —0.030 —0.051 —-0.103 —0.204 —0.090
c 0.31 0.36 0.34 0.45 0.36 0.28 0.47
0.05/0.01 u/u u/u u/u u/u u/vu u/u u/u
Criterion VIF VSNR IFC NQM STSIM-1 STSIM-2 DISTS
Median Spearman —0.095 0.069 —0.093 0.147 —-0.179 —0.130 0.425
c 0.33 0.42 0.34 0.48 0.50 0.48 0.32
0.05/0.01 u/u u/u u/u u/u u/u /U /U
criterion ESSIM FSIM KL d. Minkowski Jeffrey d. KSD CvM
Median Spearman —0.442 —-0.418 0.297 0.067 0.446 0.382 0.277
c 0.34 0.40 0.28 0.35 0.29 0.43 0.31
0.05/0.01 u/u u/u u/u u/u u/v u/u u/u
Criterion QF WMV € CPM CW-SSIM IGSTQA

Median Spearman 0.454 0.232 0.721 0.745 —0.397 0.560

c 0.32 0.31 0.16 0.10 0.30 0.30

0.05/0.01 U U c/C c/C u/v u/u

Over all fourteen materials in the benchmark (MSE - mean-squared error, PSNR - peak Signal-to-Noise-Ratio, SSIM - Structural Similarity
index, MSSIM — multi-block SSIM, SNR1 — Signal-to-Noise-Ratio 1, SNR2 Signal-to-Noise-Ratio 2, IQl — Image Quality Index, VIF — visual infor-
mation fidelity, VSNR - visual Signal-to-Noise Ratio, IFC - Information Fidelity Criterion, NQM - Noise Quality Measure, STSIM-1 - Structural
Texture Similarity 1, STSIM-2 — Structural texture Similarity 2, DISTS — Deep Image Structure and Texture Similarity, ESSIM — Edge Strength
SSIM, FSIM - feature similarity, KL d. — Kullback-Leibler divergence, Minkowski distance, Jeffrey d. - Jeffrey divergence, KSD - Kolmogorov-
Smirnov distance, CvM — Cramer/von mises distance, QF — Quadratic form, WMV — Weighted mean variance, { — Markovian texture fidelity,
CPM - cross-prediction based measure, CW-SSIM - complex wavelet structural similarity index, IGSTQA - image gradient synthesized texture
quality assessment).

and simultaneously the slightest standard deviation. STSIM-2 and DIST have 64% correlations from 14
sets on the 5% significance level but only 52% and 50% on the 1% significance level. The Markovian cri-
teria, therefore, are preferable for the TQA. The criteria that violate the crucial non-pixelwise requirement
MSE, PSNR, and SNR also have the worst correlation with the human ranking between 7% and 14% for
both significance levels and thus confirm their uselessness in texture assessment applications. Similarly,
IFC, MSSIM, VIF, NQM, and Minkowski distance perform poorly. The median percentual difference
between the six color series and their six equivalent grayscale counterparts is 18% in favor of grayscale
uncorrelation on the significance level 0,05, while negligible for the 1% significance level. This difference
can be due to higher human sensitivity to color information.

5. Conclusion

Compared with the human test benchmark ranking, the comprehensive assessment reveals that both cri-
teria derived from the Markovian descriptive model are the most robust for evaluating texture quality.
The { and CPM criteria correlate with human ranking, even at a 1% significance level, and can be
learned efficiently, recursively, and adaptively. A notable advantage of the Markovian criteria is their
multispectral characteristic, which sets them apart from most potential alternative quality measures.
Only the alternative criteria, STSIM2 and DISTS, correlate with human ranking, albeit at a 5% significance
level. An additional benefit of the Markovian criteria is their lower standard deviation compared to
STSIM2 and DISTS. The other twenty-three published criteria we statistically evaluated do not reliably
assess texture quality. However, the CPM criterion, which performed best among all those tested, dem-
onstrates an 80% correlation at a 0.05 significance level throughout the benchmark. The performance of
criteria based on descriptive Markovian models depends on the choice of contextual neighborhood.
However, in the context of TQA, this sensitivity is less critical than when using the models for texture
synthesis. These criteria are inherently multispectral, fast, adaptive, and support recursive evaluation,
making them well-suited for testing local region conformity. Future research will focus on automating
this selection process. The numerical texture quality criteria are of enormous practical use because the
only reliable alternative - the psychophysical evaluation is cumbersome, expensive, and not applicable
for any real-time or extensive experimental recognition or physically correct texture modeling. It cannot
be applied even to state-of-the-art textural representations like BTF or hyperspectral textures. Such crite-
ria have broad applicability for optimal parameters learning, texture compression, texture editing, mater-
ial recognition, texture restoration, and virtual, immersive, or augmented reality. The numerical criteria
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produce quality ranking, thus comparing the target texture with its modeling results and any two syn-
thetic texture variants.

These results indicate that there is still room to create a more efficient and robust texture assessment
criterion to avoid expensive, time-consuming, and cumbersome psychophysical quality evaluation.
Contrary to psychophysical evaluation, such criteria can be used in numerous visual scene understanding
algorithms.
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