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Abstract

We utilize an existing image quality estimator, COHERENSI, as baseline and
build on it to obtain more comprehensive and perceptually correlated quality es-
timators. The baseline method includes two main components as harmonic chaos
analysis and phase chaos analysis. These components output two feature map-
s that are weighted, summed, logarithmically scaled, and averaged to obtain a
quality score. Even though the baseline method partially models interference
in spatial harmonic distortion exhibited by visual system, it overlooks percep-
tion of colors, spatial frequency sensitivity, and hierarchical nature of visual sys-
tem. To overcome these shortcomings, we extend the baseline method with mul-
tiple scales, multiple color channels, and frequency-based weights. The best per-
forming method obtained in the design process is frequency-weighted multi-scale
and -channel COHERENSI (FM-COHERENSI). We validate the proposed method
through five performance metrics over two databases that include approximately
3,450 images. There are 26 distortion categories in the validation set which can be
grouped into 7 main types as compression artifacts, image noise, color artifacts,
communication error, blur, global, and local distortions. Firstly, we report the per-
formance of the baseline method and all its extensions including FM-COHERENSI.
Based on the validation, FM-COHERENSI significantly enhances the performance
of the baseline method in terms of all the metrics. Secondly, we compare the
proposed method with 16 existing quality estimators and show that the perfor-
mance of the proposed method is always among the top three methods. Moreover,
according to the statistical significance tests, FM-COHERENSI outperforms 15 ex-
isting methods in at least two validation categories whereas none of the existing
methods statistically outperform FM-COHERENSI.
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1. Introduction

Recently, online platforms have been dominated by images because of the ad-
vances in capturing, storage, streaming, and display technologies. In order for
these platforms to support the uploaded content, images should be formatted.
The formatting of images can be considered as an optimization problem whose
cost functions would be image quality assessment algorithms. These algorithms
are grouped into three main categories as full-reference, reduced-reference, and
no-reference. In this paper, we propose a family of full-reference image quality
assessment methods, which are extensions of a visual system-inspired baseline
method denoted as COHERENSI.

The characteristics of human visual system (HVS) include frequency sensitiv-
ity, luminance sensitivity, and masking effects [1]. Sensitivity of a visual system
with respect to spatial frequency characteristics is considered under frequency
sensitivity, just-noticeable intensity difference is studied under luminance sen-
sitivity, and decreasing visibility of a signal in the presence of other signals is
considered under masking. In [2], the authors do not directly investigate these
characteristics individually. However, they collectively quantify these character-
istics from the error signal and show that the behaviors of harmonics and phase
produced by distortion can be used to measure perceived quality. The quality
estimator introduced in [2] is denoted as COHERENSI, which stand for Chaos
of Harmonics/phase in Error as a REference-based Novel Similarity Index. CO-
HERENSI is calculated using the difference between two grayscale images.

In this manuscript, we extend COHERENSI by frequency-based weighting,
multiple scales, and multiple color channels and introduce FM-COHERENSI, which
statistically outperforms COHERENSI in all reported categories. Specifically, the
proposed method includes two main stages. In the first stage, we calculate CO-
HERENSI index over each color channel in the RGB color space for multiple
scales and combine them through a summation operation. In the second stage, we
convert input images to grayscale versions, downsample them, obtain their Fourier
transforms, and compare these representations in the frequency domain to obtain
a quality index. Finally, we multiply the output of both stages and monotonically
map them to obtain the estimated quality score. The main contributions of this
manuscript are summarized as follows:
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• We provide a more comprehensive explanation and analysis of the main
components in error spectrum chaos formulation.

• In addition to one dimensional toy examples, we provide a natural scene
example to explain the intuition behind error spectrum chaos for images.

• We extend single scale COHERENSI with numerous formulations and de-
scribe the design process step by step including the intuition of each step
and the contribution in terms of performance.

• We provide a comprehensive validation with more distortion types, test im-
ages, and compared methods along with statistical significance tests.

• We significantly enhance the performance of the baseline method and out-
perform majority of the existing methods numerically and statistically.

We briefly discuss the related work in Section 2 and describe the baseline
method in Section 3. We extend the baseline method with multiple scales, multiple
color channels, frequency-based weights, and non-linear mapping in Section 4. In
Section 5, we report the performance of COHERENSI, all its extensions including
FM-COHERENSI, and existing methods. Finally, we conclude our work in Section
6.

2. Related Work

An intuitive approach to assess the quality of an image is to measure fideli-
ty, which can be simply performed by comparing that image with its distortion-
free version, if available. Mean Square Error (MSE) and Peak Signal-to-Noise
Ratio (PSNR) are commonly utilized examples of fidelity-based full-reference
methods. Wang et al. [3] showed that human perception is more consistent with
structural similarity as opposed to MSE and PSNR. Structural similarity methods
such as SSIM [3] was shown to be more correlated with human error perception.
Single scale structural similarity in the spatial domain was further extended to
multi-scale (MS-SSIM) [4], complex domain (CW-SSIM) [5], and information-
weighted (IW-SSIM) [6] versions. Instead of focusing on the structural similarity,
Ponomarenko et al. developed a series of quality estimators [7, 8, 9] that are based
on extending fidelity with visual system characteristics.

Zhang and Li [10] modeled suppression mechanisms by spectral residual (SR-
SIM), which is calculated in the frequency domain. Damera et al. [11] proposed

3



a degradation model denoted as NQM, which mimics the human visual system
by considering contrast sensitivity, local luminance, contrast interaction between
spatial frequencies, and contrast masking effects. Chandler and Hemami [12] for-
mulated visual masking and summation through wavelet-based models to weight
the SNR map. Other methods based on the frequency domain have also been
used to analyze human visual system properties including [5, 13, 14]. Zhang et
al. developed FSIM, which mimics low-level feature perception through phase
congruency and gradient magnitude. The majority of existing methods inlclud-
ing FSIM measure quality using grayscale images or intensity channels. Intensity
channels are usually preferred over chroma because human visual system is more
sensitive to changes in intensity compared to color [15]. However, color channels
still include information that is not part of intensity channels. FSIM was extended
by introducing color information through pixel-wise fidelity over chroma chan-
nels. Temel and AlRegib [16, 17] also utilized color information in the proposed
methods PerSIM and CSV. To introduce color infomation into quality assessment,
PerSIM [16] used pixel-wise fidelity whereas CSV [17] utilized color difference
equations and color name distances.

The aforementioned quality estimators are based on handcrafting quality at-
tributes. However, data-driven approaches can also be used to obtain quality esti-
mators. Existing data-driven methods are commonly based on natural scene statis-
tics, support vector machines, various types of neural networks, dictionary gener-
ation, and filter learning. Tang et al. [18] proposed measuring quality through fea-
tures based on natural image statistics, distortion texture statistics, and blur/noise
statistics. These statistical features are mapped to quality scores by support vec-
tor regression. Mittal et al. [19] introduced BRISQUE, which is based on natural
scene statistics in the spatial domain that are regressed to obtain quality estimates.
Natural scene statistics-based methods were also extended to frequency domain
as in [20, 21]. Temel et al. [22] introduced an unsupervised approach, in which a
linear decoder architecture is used to obtain quality-aware sparse representations
whereas Kang et al. [23] proposed a supervised approach based on Convolutional
Neural Networks.

In this manuscript, we follow an alternative approach by performing a harmon-
ic analysis of the error signal, which capture luminance sensitivity and masking
at the harmonic levels. Tan and Ghanbari [24] developed a full-reference method
based on harmonic analysis for blockiness artifacts and a reduced-reference method
based on harmonic gain and loss. The family of introduced methods differ from [24]
in three aspects. Firstly, we analyze phase spectrum of error, which carries infor-
mation that is not considered by solely magnitude-based approaches. Secondly,
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we utilize a more efficient harmonic analysis. Thirdly, our approach is not limited
blockiness artifacts.

3. Image Quality Assessment through Error Spectrum Chaos

In this section, we describe estimating image quality through error spectrum
chaos analysis, which is based on harmonic chaos and phase chaos. The output of
each analysis is fed to a pooling block to obtain the final quality estimate, which is
denoted as COHERENSI. The block diagram of the single-scale COHERENSI is
given in Fig. 1. We explain error spectrum chaos-based image quality assessment
in three main components as harmonic chaos analysis, phase chaos analysis, and
pooling.
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Figure 1: Block diagram of single-scale error spectrum chaos-based quality estimator COHEREN-
SI.

3.1. Harmonic Chaos
Spatial frequency masking is a characteristic that was observed in various bio-

logical visual systems [25]. Albrecht and De Valois [25] showed that striate cortex
cells tuned to a spatial fundamental frequency respond to harmonics only if funda-
mental frequency component exists simultaneously. In addition to visual system,
auditory system also possess similar masking characteristics. Alphei et al. [26]
observed masking of temporal harmonics in the auditory cortex. Based on these
observations, we claim that subtle spatial harmonic balance within visual repre-
sentations can be used to measure perceived quality as in [2]. Harmonic chaos in
an error signal can interfere with the masking mechanisms in the visual system
and this interference would result in low perceived quality.

Harmonic behavior map of error is calculated as

H = |F {|F {∇(∆)}|}| , (1)
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where ∆ is the error map, ∇ is the 2-D gradient operator, F is the 2-D discrete
Fourier Transform operator, and | | is the absolute value operator. Harmonic be-
havior map H is the 2-D DFT magnitude of the 2-D DFT magnitude of the 2-D
error gradient.

We need to analyze the expression in Eq. (1) to understand the intuition behind
the harmonic behavior map. From the duality property of Fourier transform, it
is known that the DFT and its inverse are fundamentally the same. The main
differences lie in magnitude scaling and flipping. Therefore, if we replace the
outer 2-D DFT in Eq.(1) by its inverse, we obtain a different expression as

Ĥ =
∣∣F−1 {|F {∇(∆)}|}

∣∣ , (2)

where F−1 is the inverse Fourier transform. The expression in Eq. (2) is the
inverse 2-D DFT of the magnitude spectrum of the error gradient. In other words,
Ĥ has the same magnitude spectrum as the error gradient ∇(∆) but it has zero
phase. In other words, Ĥ can be obtained from the error gradient by replacing all
the sinusoidal components in the frequency decomposition by pure cosines of the
same amplitude and frequency but with no phase shift. Thus, we conclude that the
utilized harmonic chaos analysis map is equivalent to averaging the “phaseless”
version of the error gradient. Moreover, Eq.(2) is equivalent to the 2-D cepstrum
of the error gradient without taking the log of the inner 2-D DFT magnitude.
While designing the quality estimator, we tried using cepstrum to perform the
harmonic analysis but it led to less perceptually correlated estimations. We should
also note that the expressions in Eq. (1) and Eq. (2) will result in the same quality
estimation performance in terms of the ranking-based validation metrics because
the magnitude scaling relationship between 2-D signals preserves the rank order.
Also, flipping has no effect since final quality estimate is computed based on the
average of the signal, and it is irrelevant in which order the signal is presented.
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(a) Signal harmonics.
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(b) Gradient harmonics.
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Figure 2: 1-D toy example for harmonic chaos visualization and measurement.
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Harmonic chaos formulation conveys information related to various human
visual system characteristics. Energy of the error signal provides information
related to luminance sensitivity, analysis of the harmonics conveys information
related to frequency sensitivity and harmonic masking, and gradient calculation is
related to local contrast sensitivity. We provide toy examples to investigate the re-
lationship between signal characteristics and harmonic chaos. In Fig. 2, we show
a set of 1-D signals along with their mean values. As the original signals, we use
two different 1-D discrete synthetic signals S1 and S2 with a discrete fundamen-
tal frequency f = 2. In Fig. 2a, we show the magnitude of the discrete Fourier
transforms of the input signals. The harmonic amplitudes in S1 decay smoothly
whereas the harmonics in S2 fluctuate. The energy of S1 is higher than the energy
of S2 as indicated with the mean values. When we take the discrete Fourier trans-
form of the signals given in Fig. 2a, the fluctuations corresponding to the chaotic
harmonic behavior in S2 should result in more components with higher frequen-
cies. However, the energy of the original signals will also affect the transform and
we will not be able to quantify the harmonic chaos accurately. To eliminate the
contribution of the signal energy and to highlight the contribution of the chaotic
harmonics, we compute the discrete Fourier transform of the gradients instead of
the original signals. In Fig. 2b, we show the magnitude of the discrete Fourier
transform of the gradients. We further take the discrete Fourier transform of the
signals in Fig. 2b, calculate the magnitude, and take the logarithm to obtain the
signals in Fig. 2c. The mean value corresponding to S2 is higher than the mean
corresponding to S1. The chaotic behavior in the original signal S2 was also high-
er than the chaotic behavior in S1. Therefore, we can perform the operations that
are utilized to generate the signals in Fig. 2c to measure the chaotic behavior of
harmonics.

In addition to the 1-D toy example, we also provide an example using natu-
ral images from the TID 2013 database [27] as shown in Fig. 3. Specifically, we
use images i02 06 2.bmp and i02 12 3.bmp. Sample image 1 is distorted with
impulse noise and has a mean opinion score (MOS) of 4.28 and sample image 2
is degraded with JPEG transmission errors and has a MOS of 3.08. It should be
noted that higher mean opinion score corresponds to better quality. We show the
sample images in Fig.3a and Fig.3b, and their corresponding normalized log mag-
nitude spectrum in Fig.3c and Fig.3d. The MOS of sample image 1 is higher than
the MOS of sample image 2, which means that the perceived quality of sample
image 1 is better than sample image 2. However, if we use the mean of the nor-
malized log spectrum as a distortion measure, sample image 2 is expected to have
a higher quality than sample image 1, which contradicts with subjective opinion.
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(a) Sample image 1 with MOS=4.28
�

� (b) Sample image 2 with MOS = 3.08

�

(c) Normalized log spectrum of sample i-
amge 1 with a mean value of 10.22.

�

(d) Normalized log spectrum of sample
image 2 with a mean value of 8.83.

Figure 3: 2-D toy example using natural images for harmonic chaos visualization and measure-
ment.

Perceptually, the normalized log spectrum of sample image 2 is more chaotic than
the normalized log spectrum of sample image 1. Therefore, even calculating the
mean of the normalized log spectrum does not directly provide quality related in-
formation, we can process these spectrum further to obtain perceptually relevant
information. When we calculate the mean value of the magnitude spectrum of
the magnitude spectrum, the corresponding values are 7.12 for sample image 1
and 8.23 for sample image 2. Therefore, if we use these values as a distortion
measure, sample image 1 is expected to have a higher quality than sample image
2, which correlates with the subjective opinion. Both of the toy examples show
that average behavior of the error magnitude may be misleading to estimate per-
ceived quality whereas average behavior of the harmonic components can provide
perceived quality-related information.
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3.2. Phase Chaos
In Section 3.1, we neutralize phase information to emphasize magnitude infor-

mation. Similarly, we can neutralize magnitude information to emphasize phase
information, which is perceptually important as discussed [28]. To neutralize
magnitude information and capture chaos in phase spectrum, we take the mag-
nitude of 2-D discrete Fourier transform of the phase spectrum as

P = |F {∠F {∆}}| , (3)

where ∆ is the error map, F is the 2-D discrete Fourier Transform operator, and
∠· is the phase operator. We provide a toy example to investigate the relationship
between signal characteristics and phase chaos. In Fig. 4, we show a set of 1-D
signals along with their mean values.
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Figure 4: 1-D toy example for phase chaos visualization and measurement.

As the original signals, we use two different 1-D discrete synthetic signals R1
and R2. In Fig. 4a, we show the phase of the discrete Fourier transforms of the
input signals. R1 has a smooth spectrum with a linear behavior whereas R2 has
a chaotic spectrum with oscillations. We take the discrete Fourier transform of
the signals in Fig. 4a, calculate their magnitude, and take their logarithm to obtain
the signals in Fig. 4b. The mean value corresponding to R2 is higher than the
mean corresponding to R1. The chaotic behavior in the original signal R2 was
also higher than the chaotic behavior in R1. Therefore, we can perform the op-
erations that are utilized to generate the signals in Fig. 4b to measure the chaotic
behavior of phase. Gradient operator is utilized in the harmonic chaos analysis
to eliminate the effect of rapidly decaying harmonic magnitude. However, since
we do not observe a similar behavior for phase spectrum, gradient operator is
not used. Phase wrapping results in frequent 2π jumps in the phase spectrum
and these jumps increase the average phase chaos calculation even they do not
correspond to chaotic behavior in the original signals. To eliminate these false
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chaos components, we performed chaos analysis over real and imaginary com-
ponents instead of magnitude and phase components but the quality estimation
performance did not improve. Alternatively, we can eliminate these false chaos
components by utilizing 2-D phase unwrapping, which is considered as an NP-
hard integer programming problem whose solution would dramatically increase
the computational complexity of quality estimation.

3.3. Pooling
We utilize harmonic chaos analysis and phase chaos analysis to obtain feature

maps. The toy examples in Sections 3.1 and 3.2 indicate that the average behavior
in these maps can be utilized to estimate perceived quality. To obtain a single
quality map from harmonic chaos and phase chaos maps, we perform a weighted
summation. We logarithmically scale the sum and use a mean operator to capture
the mean error chaos. The formulation to obtain the single-scale quality estimator
COHERENSI is expressed as

E
{

log(whH +wpP+ ε)
}
, (4)

where H is the harmonic chaos map, P is the phase chaos map, wp and wh are
weight parameters, ε is a stability parameter, log is the logarithm operator, and E
is the expectation operator.

4. Image Quality Assessment through Frequency-weighted Multi-scale and
-channel Error Spectrum Chaos

In Section 3, we describe image quality assessment through error spectrum
chaos. In this section, we extend the single-scale error spectrum chaos with multi-
ple scales, multiple color channels, frequency-based weights, and non-linear map-
ping.

4.1. Multi-scale Error Spectrum Chaos
Multi-scale representations and transforms can be considered as partial visu-

al system models because neural responses in a visual cortex include scale-space
orientation decomposition. Multiple scale and resolution approaches enable visu-
al representations that can support different abstraction levels. These approaches
are commonly used in the image quality assessment literature to estimate per-
ceived quality [11, 4, 7, 8, 12, 5, 9, 6, 19, 10]. To extend single-scale approach
into multiple-scale, we perform error spectrum chaos analysis over multiple res-
olutions as shown in Fig. 5. We downsample original error map by powers of
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Figure 5: Block diagram of multi-scale error spectrum chaos.

two to obtain multiple resolutions, calculate COHERENSI scores over different
resolutions, and compute weighted sum of these scores to obtain the multi-scale
(MS) COHERENSI score. We weight COHERENSI scores as a function of the
resolution of error maps. Intuitively, the visual artifacts that are perceived in lower
resolutions should correspond to artifacts that are perceptually more significant.
Therefore, we assign higher weights to COHERENSI scores that are calculated
over lower resolution error maps. Specifically, the final score of the error map that
is downsampled by a factor of 2i will be weighted by (1+ δ i), in which δ is a
design parameter.

4.2. Multi-channel Error Spectrum Chaos
An intuitive approach to introduce color information into grayscale methods is

by utilizing multiple color channels instead of a single channel as in FSIMc [29]
and PerSIM [16]. To utilize color channels, we calculate error spectrum chaos
over each color channel in the RGB color space and combine estimated quality
scores through a sum operation as shown in Fig. 6.

4.3. Frequency-based Weights
When we measure quality solely based on error maps, quality estimation ranges

and monotonic behaviors vary according to distortion type. These variations lead
to misalignments that degrade the overall quality estimation performance. To e-
liminate these misalignments, we utilize reference and distorted images. Specif-
ically, we extract luminance channels of reference and distorted images, down-
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Figure 6: Block diagram of multi-channel error spectrum chaos.

sample these images, take their discrete Fourier transform, divide the Fourier co-
efficients of the reference image by the Fourier coefficients of the distorted image,
calculate the absolute value of the division, and compute the average value as
shown in Fig. 7.
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Figure 7: Block diagram of frequency-based weight generation.

4.4. FM-COHERENSI
We obtain error over each color channel in the RGB domain, calculate multi-

scale COHERENSI scores over error channels, and sum these scores. We multi-
ply the summed score with the frequency-based weight described in Section 4.3
and use a monotonic function to obtain the frequency-weighted multi-scale and
-channel error spectrum chaos score as shown in Fig. 8. We use the monotonic
mapping function

∣∣∣ 3
√

κ

s

∣∣∣, where s is the the score before the mapping and κ is a
design parameter.

4.5. Parameters
The parameters and operators in FM-COHERENSI are summarized in Table 1.

We utilize the operators and the parameters in single-scale COHERENSI and
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Figure 8: Block diagram of frequency-weighted multi-scale and -channel error spectrum chaos-
based quality estimator FM-COHERENSI.

multi-scale extension as described in [2] other than the logarithm stability pa-
rameter, which is set to 1.0 to obtain zero distortion when compared images are
identical. The only additional adjusted parameters are downsampling ratio (θ ) in
the frequency-based weight block and the quality range constant (κ) in the mono-
tonic mapping. We use κ value to solely adjust the quality score range, which does
not effect the performance of ranking-based metrics because of its monotonic na-
ture. We use regression before performance measurement to eliminate the effect
of mapping in the validation. We use low θ values to minimize the computational
requirement that emerges from frequency-based weight generation. We divide the
pixel maps by 255 before error calculation to limit maximum value to 1.0.

4.6. Extensions of COHERENSI
In the design process, we experimented extending COHERENSI with differ-

ent formulations and analyzed its performance. In this section, we briefly explain
the formulations used in the design process and we analyze their performance in
Section 5. We utilized single-scale (SS) COHERENSI as a baseline method and
extended it with various formulations step by step. We calculated COHEREN-
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Table 1: The parameters and operators in FM-COHERENSI.
Block Description Parameter Parameter
Name Name Value

Coherensi Pooling weight wh 1.0
wp 1.9

Logarithm stability parameter ε 1.0

Multi-scale Number of scales N 4
Scaling fraction δ 0.18

Frequency-based Weight Downsampling ratio θ 0.1
Monotonic Mapping Quality range constant κ 10,000

Block Description Operator Operator
Name Symbol Information

Coherensi Gradient ∇
Two consecutive application of

the 2-D Sobel opertor
Multi-scale Downsampling ↓ BicubicFrequency-based Weight

SI over each color channel in the RGB domain to obtain multi-channel single-
scale (MC-SS) COHERENSI. We combined SS COHERENSI with frequency-
based weights to obtain frequency-weighted single-scale (FW-SS) COHEREN-
SI. In FW-SS COHERENSI, we divided the Fourier coefficients of the reference
image by the Fourier coefficients of the distorted image, calculated the absolute
value, and took the average. As an alternative, we took the difference between
Fourier coefficients to obtain frequency difference-weighted single-scale (FDW-
SS) COHERENSI, and calculated the similarity between Fourier coefficients to
obtain frequency similarity-weighted single-scale (FSW-SS) COHERENSI.

We extended single-scale COHERENSI by computing it over multiple resolu-
tions to obtain multi-scale (MS) COHERENSI. While obtaining MS COHEREN-
SI, we experimented calculating error from the downsampled images instead of di-
rectly downsampling the full-scale error. However, it did not lead to performance
enhancement. We calculated multi-scale COHERENSI over each color channel in
the RGB domain to obtain multi-channel multi-scale (MC-MS) COHERENSI and
we combined frequency-based weights with multi-scale COHERENSI to obtain
frequency-weighted multi-scale (FW-MS) COHERENSI. We also extended multi-
scale COHERENSI with frequency-difference weights and frequency similarity-
weights but they both under-performed compared to frequency-weighted multi-
scale (FW-MS) COHERENSI. We extended FW-MS COHERENSI with mono-
tonic mapping to obtain FW-MM-MS COHERENSI. We calculated FW-MM-
MS over multiple color channels to obtain frequency-weighted muti-scale and
-channel COHERENSI, which is denoted as FM-COHERENSI.
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5. Experimental Evaluation

5.1. Databases
In order to validate the performance of image quality estimators, we need to

use a comprehensive database that includes a high variety of distortion types. To
satisfy this requirement, we utilize the TID 2013 (TID13) database [27], which
includes 24 different types of distortions. Even though TID13 includes majority
of the distortion types utilized in the literature, it does not include simultaneous-
ly applied distortion. To consider simultaneous distortions in the validation, we
utilize the LIVE Multiply Distorted (LIVE-M) database [30].

In LIVE-M, there are two distortion categories and each category includes two
degradation types applied simultaneously. In TID13, there are six different distor-
tion categories and each category includes various distortion types, whose number
ranges from three to eleven. To analyze the quality estimation with respect to dis-
tortion types over both databases, we reclassify the distortion types in TID13 and
LIVE-M databases into seven categories. The Compression category includes
JPEG, JP2K, and lossy compression of noisy images. The Noise category in-
cludes additive Gaussian noise, additive noise in chroma channels, impulse noise,
spatially correlated noise, masked noise, high frequency noise, quantization noise,
image denoising artifacts, multiplicative Gaussian noise, comfort noise, and lossy
compression of noisy images. The Communication category includes JPEG and
JPEG2000 transmission errors. The Blur category includes Gaussian blur and
sparse sampling and reconstruction error. The Color category contains color sat-
uration change and color quantization with dither and chromatic aberrations. The
Global category includes intensity shift and contrast change. The Local cate-
gory includes non-eccentricity pattern and local block-wise distortion of different
intensity. The number of images in each category is summarized in Table 2.

Table 2: The number of distorted images per degradation type in each database.
LIVE-M [30] TID13 [27] Total

Compression 180 375 555
Noise 180 1375 1555

Communication - 250 250
Blur 315 250 565
Color - 375 375
Global - 250 250
Local - 250 250
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5.2. Validation Metrics and Auxiliary Functions
5.2.1. Linearity

The Pearson linear correlation coefficient (PLCC) is used to measure the lin-
earity of the predictions. PLCC is formulated as

PLCC =
∑

N
s=1(xs−µx)(ys−µy)√

∑
N
s=1(xs−µx)2 ·

√
∑

N
s=1(ys−µy)2

, (5)

where xs is the estimated score and ys is the mean opinion score corresponding to
an image indexed with s, µ is the average operator, and N is the total number of
images.

5.2.2. Ranking
The Spearman rank-order correlation coefficient (SRCC) is used to measure

the monotonic relationship between quality estimates and subjective scores. SR-
CC is given as

SRCC = 1−
6∑

N
s=1(Xs−Ys)

2

N · (N2−1)
, (6)

where Xs is the rank assigned to the score xs and Ys is the rank assigned to the
subjective score ys, which corresponds to an image indexed with s, and N is the
total number of images. To measure ranking-based performance, we also use
Kendall rank correlation coefficient (KRCC), which is expressed as

KRCC =
(Ncor)− (Ndis)

0.5 ·N · (N−1))
, (7)

where Ncor is the number of concordant pairs, Ndis is the number of discordant
pairs, and N is the number of images in a set.

5.2.3. Accuracy
The root mean squared error (RMSE) is used as the absolute prediction error

to quantify accuracy. RMSE is formulated as

RMSE =

√
∑

N
i=1(xs− ys)2

N
, (8)

where xs is the estimated score and ys is the mean opinion score that correspond
to an image indexed with s, and N is the total number of images in a test set.
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5.2.4. Consistency
The outlier ratio (OR) is used as a consistency measure, which is formulated

as
or =

Nout

N
, (9)

where N is the total number of images and Nout corresponds to the total number
of outliers, which are more than two standard deviations away from the average
subjective score.

5.2.5. Regression
In the validation of image quality assessment, monotonic regression is com-

monly used before measuring linearity, accuracy or consistency. We use the re-
gression formulation in [31], which is formulated as

V = β1

(
1
1
− 1

2+ exp(β2(V0−β3))

)
+β4V0 +β5, (10)

where V0 is the objective score, V is the regressed score, and the β s are parameters
that are tuned based on the relationship between quality estimates and mean opin-
ion scores. We utilized fitnlm function in MATLAB and initialized regression
coefficients to [0.0, 0.1, 0.0, 0.0, 0.0], from which a nonlinear model started its
search for optimal coefficients. Regression operation leads to a parabolic behavior
for PSNR, PSNR-HA, PSNR-HMA, BRISQUE, and BIQI in the TID13 database,
and for BRISQUE and BLIINDS2 in the LIVE-M database. Therefore, report-
ed performances of existing methods can vary from the literature because of the
differences in regression curves and initialization coefficients.

5.2.6. Statistical Significance
We use statistical tests suggested in ITU-T Rec.P.1401. [32] to evaluate the

significance of performance differences in terms of correlation coefficients.

5.3. Results
At first, we report the performance of COHERENSI and all of its extensions

experimented in the design process in Table 3 to analyze the contribution of each
extension. Then, we report the performance of FM-COHERENSI along with 16 state
of the art or commonly used quality estimators.
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5.3.1. COHERENSI and its Extensions
We started the design process with single-scale COHERENSI and calculated

it over each color channel in the RGB domain to obtain multi-channel single-scale
(MC-SS) COHERENSI. Summation of COHERENSI scores obtained from RGB
color channels did not enhance the quality estimation performance, which implies
that the scores obtained from different color channels at the original resolution are
not necessarily complementary. We combined single-scale COHERENSI with
frequency-based weights to obtain frequency-weighted single-scale (FW-SS) CO-
HERENSI, which significantly enhanced the quality estimation performance in
all of the categories and the databases. As an alternative to the division-based
weights, we took the difference between Fourier coefficients to obtain frequen-
cy difference-weighted single-scale (FDW-SS) COHERENSI and calculate the
similarity between Fourier coefficients to obtain frequency similarity-weighted
single-scale (FSW-SS) COHERENSI. These alternative formulations significant-
ly underperformed compared to FW-SS COHERENSI.

Table 3: Overall performance of COHERENSI and its extensions.

Databases Baseline Extended
Method Methods

SS MC-SS FW-SS FDW-SS FSW-SS MS MC-MS FW-MS FW-MM-MS FM-COHERENSICOHERENSI COHERENSI COHERENSI COHERENSI COHERENSI COHERENSI COHERENSI COHERENSI COHERENSI
Outlier Ratio (OR)

TID13 0.833 0.829 0.722 0.747 0.838 0.714 0.722 0.860 0.670 0.616
LIVE-M 0.031 0.046 0.002 0.015 0.013 0.066 0.026 0.002 0 0.002

Root Mean Square Error (RMSE)
TID13 1.049 1.052 0.757 0.885 1.125 0.858 0.811 1.190 0.708 0.624

LIVE-M 14.805 15.908 8.180 10.775 11.236 15.948 12.767 8.305 8.299 8.295
Pearson Linear Correlation Coefficient (PLCC)

TID13 0.532 0.528 0.791 0.699 0.419 0.721 0.756 0.278 0.820 0.863-1 -1 -1 -1 -1 -1 -1 -1 -1

LIVE-M 0.622 0.540 0.901 0.821 0.804 0.781 0.737 0.898 0.898 0.898-1 -1 0 -1 -1 -1 -1 0 0
Spearman’s Rank Correlation Coefficient (SRCC)

TID13 0.649 0.622 0.762 0.672 0.528 0.744 0.821 0.786 0.786 0.862-1 -1 -1 -1 -1 -1 -1 -1 -1

LIVE-M 0.554 0.472 0.883 0.753 0.797 0.705 0.687 0.874 0.874 0.880-1 -1 0 -1 -1 -1 -1 0 0
Kendall’s Rank Correlation Coefficient (KRCC)

TID13 0.473 0.441 0.584 0.509 0.386 0.593 0.650 0.615 0.615 0.678-1 -1 -1 -1 -1 -1 0 -1 -1

LIVE-M 0.398 0.334 0.700 0.570 0.609 0.528 0.505 0.690 0.690 0.696-1 -1 0 -1 -1 -1 -1 0 0

We extended single-scale COHERENSI by computing it over multiple resolu-
tions to obtain multi-scale (MS) COHERENSI, which enhanced the performance
in all the categories for the TID13 database and in all the correlation categories in
the LIVE-M database. We calculated MS COHERENSI over each color channel
in the RGB domain to obtain multi-channel multi-scale (MC-MS) COHEREN-
SI, which enhanced the performance for TID13 and decreased it for LIVE-M in
terms of correlation coefficients compared to MS COHERENSI. Multi-channel
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extension of MS COHERENSI led to decrease in root mean square error for both
databases, increase in outlier ratio for TID13, and decrease in outler ratio for
LIVE-M. We combined frequency-based weights with multi-scale COHEREN-
SI to obtain frequency-weighted multi-scale (FW-MS) COHERENSI, which en-
hanced the quality estimation performance with respect to multi-scale version in
all the categories other than outlier ratio, root mean square error, and Pearson
correlation in the TID13 database. These changes in the performance indicat-
ed that frequency-weights enhanced the monotonic behavior of the estimation in
both databases whereas it degraded the performance in terms of accuracy, con-
sistency, and linearity in the TID13 database, which was resolved by utilizing a
monotonic mapping (MM) function to obtain FW-MM-MS COHERENSI. Final-
ly we applied FW-MM-MS over each color channel in the RGB domain to obtain
frequency-weighted muti-scale and -channel (FM) COHERENSI.

In Table 3, we highlight the results of two best performing methods with a bold
typeset and more methods are highlighted in case of equivalent performance. We
observe that FM-COHERENSI is among the best performing methods in all databas-
es and performance metrics whereas other extensions are among the best perform-
ing methods in five out of ten categories at most. We also measure the statistical
significance of the difference between the performance of FM-COHERENSI and
other extensions of COHERENSI in terms of correlation. We report the results of
these statistical significance test under correlation values of COHERENSI exten-
sions. A 0 corresponds to statistically similar performance, −1 implies that com-
pared method is statistically inferior, and +1 means that compared method is sta-
tistically superior. We observe that FM-COHERENSI statistically outperforms base
method COHERENSI in all correlation categories. Moreover, FM-COHERENSI sta-
tistically outperforms all other extensions of COHERENSI in at least three out of
six categories and none of the extensions statistically outperform FM-COHERENSI.

5.3.2. FM-COHERENSI versus Existing Methods
The performance of 17 quality estimators including FM-COHERENSI over two

databases is summarized in Table 4. We highlight the results of three best per-
forming methods with a bold typeset and more methods are highlighted in case of
equivalent performance. Best performing methods include FM-COHERENSI in all
the categories, UNIQUE in 9, SR-SIM in 7, IW-SSIM, FSIMc, and PerSIM in 2,
and PSNR-HA and CSV in 1 categories out of 10. We also measure the statisti-
cal significance of the difference between the performance of FM-COHERENSI and
existing methods in terms of correlation. We report the results of these statistical
significance test under correlation values of existing methods. A 0 corresponds to
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Table 4: Overall performance of image quality estimators.
Existing Proposed
Methods Method

Databases
PSNR PSNR PSNR SSIM MS CW IW SR FSIM FSIM BRIS BIQI BLII Per CSV UNI FM-

HA HMA SSIM SSIM SSIM SIM c QUE NDS2 SIM QUE COHERENSI
[9] [9] [3] [4] [5] [6] [10] [29] [29] [19] [20] [21] [16] [17] [22]

Outlier Ratio (OR)
TID13 0.725 0.615 0.670 0.733 0.691 0.855 0.700 0.632 0.741 0.727 0.851 0.855 0.851 0.655 0.687 0.641 0.616

LIVE-M 0.008 0.013 0.008 0.015 0.013 0.093 0.013 0 0.017 0.015 0.066 0.024 0.077 0.004 0 0 0.002
Root Mean Square Error (RMSE)

TID13 0.879 0.651 0.696 0.761 0.691 1.207 0.687 0.619 0.710 0.687 1.100 1.107 1.092 0.643 0.646 0.614 0.624
LIVE-M 12.737 11.319 10.785 11.023 11.275 18.862 10.048 8.686 10.866 10.794 15.058 12.743 17.418 9.898 9.895 9.257 8.295

Pearson Linear Correlation Coefficient (PLCC)

TID13 0.705 0.850 0.827 0.788 0.830 0.227 0.831 0.866 0.819 0.832 0.460 0.448 0.473 0.854 0.853 0.868 0.863-1 0 -1 -1 -1 -1 -1 0 -1 -1 -1 -1 -1 0 0 0

LIVE-M 0.739 0.801 0.821 0.812 0.802 0.379 0.847 0.888 0.818 0.821 0.605 0.738 0.389 0.852 0.852 0.872 0.898-1 -1 -1 -1 -1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 0
Spearman’s Rank Correlation Coefficient (SRCC)

TID13 0.700 0.847 0.817 0.741 0.785 0.562 0.777 0.807 0.801 0.851 0.414 0.393 0.396 0.853 0.845 0.860 0.862-1 -1 -1 -1 -1 -1 -1 -1 -1 0 -1 -1 -1 0 -1 0

LIVE-M 0.677 0.714 0.743 0.860 0.836 0.630 0.883 0.866 0.863 0.866 0.598 0.610 0.386 0.818 0.848 0.866 0.880-1 -1 -1 0 -1 -1 0 0 0 0 -1 -1 -1 -1 0 0
Kendall’s Rank Correlation Coefficient (KRCC)

TID13 0.515 0.665 0.630 0.558 0.604 0.403 0.597 0.640 0.628 0.666 0.286 0.270 0.276 0.677 0.654 0.666 0.678-1 0 -1 -1 -1 -1 -1 -1 -1 0 -1 -1 -1 0 0 0

LIVE-M 0.500 0.532 0.559 0.669 0.644 0.457 0.701 0.677 0.672 0.676 0.419 0.439 0.268 0.624 0.655 0.678 0.696-1 -1 -1 0 0 -1 0 0 0 0 -1 -1 -1 0 0 0

statistically similar performance, −1 implies that compared method is statistical-
ly inferior, and +1 means that compared method is statistically superior. All of
the quality estimators other than UNIQUE statistically underperform compared to
FM-COHERENSI in at least 2 out of 6 correlation categories. Even though perfor-
mance of FM-COHERENSI and UNIQUE are statistically similar, FM-COHERENSI
leads UNIQUE in 7 out of 10 categories.

We selected quality estimators that are among the best performing methods
in at least one category of TID13 and LIVE-M database. These selected best per-
forming methods include SR-SIM, FSIMc, UNIQUE, and FM-COHERENSI. We re-
port the performance of these methods for each distortion category in Table 5. We
highlight the best performing method with a bold typeset and more methods are
highlighted in case of equivalent performance. There are 7 main distortion types
and 5 performance metrics. When we analyze all of these main distortion type-
s and performance metrics, there are 35 main categories. The quality estimators
that are among the best methods in at least one of distortion types include SR-SIM
in 21, FSIMc in none, UNIQUE in 8, and FM-COHERENSI in 19 categories. Even
though SR-SIM is leading in more distortion categories, it is statistically inferi-
or compared to FM-COHERENSI in 2 out of 6 correlation categories in the overall
performance as summarized in Table 4.

To analyze the distribution of subjective scores versus objective quality esti-
mates of best performing methods, we provide the scatter plots in Fig. 9. In these
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Table 5: Spearman correlation performance of image quality estimators over degradation cate-
gories.

Existing Proposed
Methods Method

Distortion
Databases

SR- FSIM UNI FM-
Types SIM c QUE COHERENSI

[10] [29] [22]
Outlier Ratio (OR)

Compression Compression [TID13] 0.592 0.722 0.608 0.618
Blur-Jpeg [MULTI] 0 0.004 0 0.004

Noise Blur-Noise [MULTI] 0 0.026 0 0
Noise [TID13] 0.578 0.678 0.604 0.521

Communication Communication [TID13] 0.716 0.744 0.676 0.720

Blur
Blur [TID13] 0.600 0.760 0.716 0.720

Blur-Jpeg [MULTI] 0 0.004 0 0.004
Blur-Noise [MULTI] 0 0.026 0 0

Color Color [TID13] 0.736 0.789 0.637 0.650
Global Global [TID13] 0.676 0.724 0.704 0.684
Local Local [TID13] 0.680 0.836 0.708 0.748

Root Mean Square Error (RMSE)

Compression Compression [TID13] 0.440 0.573 0.501 0.591
Blur-Jpeg [MULTI] 8.182 10.994 9.657 8.049

Noise Blur-Noise [MULTI] 9.163 10.590 8.839 8.533
Noise [TID13] 0.477 0.566 0.534 0.404

Communication Communication [TID13] 0.548 0.772 0.586 0.736

Blur
Blur [TID13] 0.482 0.606 0.668 0.601

Blur-Jpeg [MULTI] 8.182 10.994 9.657 8.049
Blur-Noise [MULTI] 9.163 10.590 8.839 8.533

Color Color [TID13] 0.957 0.817 0.644 0.618
Global Global [TID13] 0.897 0.880 0.846 0.932
Local Local [TID13] 0.632 0.882 0.743 0.985

Pearson Linear Correlation Coefficient (PLCC)

Compression Compression [TID13] 0.970 0.926 0.950 0.951
Blur-Jpeg [MULTI] 0.904 0.819 0.865 0.909

Noise Blur-Noise [MULTI] 0.871 0.823 0.882 0.891
Noise [TID13] 0.894 0.847 0.867 0.930

Communication Communication [TID13] 0.905 0.825 0.880 0.862

Blur
Blur [TID13] 0.959 0.925 0.946 0.948

Blur-Jpeg [MULTI] 0.904 0.819 0.865 0.909
Blur-Noise [MULTI] 0.871 0.823 0.882 0.891

Color Color [TID13] 0.672 0.727 0.847 0.874
Global Global [TID13] 0.571 0.646 0.510 0.793
Local Local [TID13] 0.831 0.705 0.721 0.607

Spearman’s Rank Correlation Coefficient (SRCC)

Compression Compression [TID13] 0.967 0.961 0.939 0.957
Blur-Jpeg [MULTI] 0.862 0.855 0.862 0.877

Noise Blur-Noise [MULTI] 0.863 0.869 0.873 0.877
Noise [TID13] 0.900 0.897 0.863 0.927

Communication Communication [TID13] 0.907 0.899 0.891 0.872

Blur
Blur [TID13] 0.950 0.947 0.928 0.950

Blur-Jpeg [MULTI] 0.862 0.855 0.862 0.877
Blur-Noise [MULTI] 0.863 0.869 0.873 0.877

Color Color [TID13] 0.243 0.629 0.909 0.872
Global Global [TID13] 0.393 0.439 0.356 0.658
Local Local [TID13] 0.810 0.705 0.645 0.566

Kendall’s Rank Correlation Coefficient (KRCC)

Compression Compression [TID13] 0.844 0.827 0.784 0.817
Blur-Jpeg [MULTI] 0.673 0.662 0.671 0.694

Noise Blur-Noise [MULTI] 0.667 0.675 0.683 0.688
Noise [TID13] 0.723 0.715 0.671 0.761

Communication Communication [TID13] 0.718 0.704 0.698 0.681

Blur
Blur [TID13] 0.810 0.798 0.769 0.806

Blur-Jpeg [MULTI] 0.673 0.662 0.671 0.694
Blur-Noise [MULTI] 0.667 0.675 0.683 0.688

Color Color [TID13] 0.183 0.456 0.727 0.690
Global Global [TID13] 0.317 0.357 0.262 0.481
Local Local [TID13] 0.614 0.509 0.457 0.396
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Figure 9: Scatter plots of best performing quality estimators. The plots in the first row correspond
to the TID13 database and the ones in the second row corresponds to the LIVE-M database.

figures, x axis corresponds to the quality estimates and y axis corresponds to the
mean opinion scores (MOS) or differential mean opinion scores (DMOS). We plot
the non-linear mapping function that is learned by the regression formulation as
a red curve in the scatter plots. Moreover, we also plot two curves that are one
standard deviation away with dashed lines and two curves that are two standard
deviation away with dotted lines. An ideal quality estimator should be located on
a linear curve with low deviation. SR-SIM follows a monotonically increasing
behavior in the TID13 database and a monotonically decreasing behavior in the
LIVE-M database. FSIMc follows a similar characteristic to SR-SIM but the de-
viations in the low quality region affects regression and performance in terms of
accuracy, consistency, and linearity. UNIQUE follows a relatively linear behavior
compared to other methods and it also utilizes most of its quality range but high
deviation of scores is also all over the quality score range. FM-COHERENSI follows
a monotonically increasing behavior in the TID13 database and a monotonically
decreasing behavior in the LIVE-M database. FM-COHERENSI is more discrete in
terms of quality score range utilization but also results in less scatter points that
are beyond one standard deviation range.

6. Conclusion

We introduced a family of full-reference image quality estimators by extend-
ing a method based on harmonic and phase chaos analysis. Specifically, we uti-
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lized multiple scales, multiple color channels, frequency-based weights, and non-
linear mapping as extensions, which resulted in nine quality estimators. The best
performing quality estimator is FM-COHERENSI, which outperformed the baseline
method in all validation categories. We compared FM-COHERENSI with 16 exist-
ing or commonly used methods and it is always among the top three. None of the
methods statistically outperform FM-COHERENSI whereas it outperforms 15 meth-
ods in at least two validation categories. The relationship between FM-COHERENSI

estimates and subjective scores is monotonic rather than linear. Therefore, to u-
tilize FM-COHERENSI in practice for any kind of stimuli without regression, we
need to enhance the method to provide higher linearity and lower deviation. Cep-
strum has a significant role in numerous acoustic applications and we showed that
cepstrum-like formulations can also be used for visual applications. In addition to
image quality assessment, we believe that the application field of error spectrum
chaos analysis can be extended to a plethora of novel directions related to images
and videos.
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