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Abstract

Most full-reference image quality assessment (IQA) models first compute
local quality scores and then pool them into an overall score. In this pa-
per, we develop an innovative pooling strategy based on sample statistics
to adaptively make the IQA more consistent with human visual assessment.
The innovation of this work is threefold. First, we identify that standard
sample statistics and robust sample statistics could provide complementary
information about the degree of degradation in distorted images. Second,
an e↵ective IQA metric is proposed by adaptively integrating robust sample
statistics and standard sample statistics via excess kurtosis. Third, instead
of using the statistics directly, we adjust them by taking into account the
global change of image gradients to avoid exaggerating the degradation de-
gree. Experiments conducted on five well-known IQA databases demonstrate
the e↵ectiveness of the proposed pooling strategy in terms of high prediction
accuracy and monotonicity.
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1. Introduction

Image quality assessment (IQA) plays a crucial role in numerous applica-
tions, such as image acquisition, transmission and restoration, and a variety
of distorted images and subjective evaluations are introduced to facilitate the
development of three types of objective IQA approaches [1–8]: full-reference
(FR) IQA, reduced-reference IQA and no-reference IQA. This paper focuses
on FR-IQA where the reference image is fully known.

Among FR-IQA methods, mean-squared error (MSE) and peak signal-
to-noise ratio (PSNR) are two widely used metrics. However, they do not
correlate well with the human visual system (HVS) [9]. Several IQA met-
rics, such as SSIM [10], MS-SSIM [11], IW-SSIM [12] and MvSSIM [13], are
developed as the HVS perceive the structural loss. Most FR-IQA methods
share two main steps (Fig. 1): first calculate local quality scores from image
features, and then pool these local scores into a single overall score.

Figure 1: Flowchart of common FR-IQA models.

In the first step, various image features have been adopted, including
gradient similarity in GSM [14], gradient magnitude in the feature similar-
ity index (FSIM and FSIMc) [15], phase congruency [16], coding coe�cients
in the most apparent distortion model [17], two-dimensional mel-cepstrum
features [18], local linear model (LLM) [19], sparse coding significance fea-
tures [20], superpixel-based regional gradient consistency in SPSIM [21] and
deep features [22, 23]. These methods focus on various structural rather
than statistical features. In contrast, many methods prefer statistics-based
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features. Mutual information between reference and distorted images is cal-
culated to construct the fidelity in the metrics of information fidelity criterion
(IFC) [24] and visual information fidelity (VIF) [25]. Moment correlation be-
tween reference and distorted images is considered in [26].

In the second step, various pooling strategies have been adopted. An
intuitive way to gain the overall score is to use the mean of local quality
scores [10]. Using the mean implies that all local regions contribute equally
to the perception; however, it is inconsistent with the HVS [27, 28]. Hence,
the weighted mean is proposed since humans tend to look at a selection of
local image regions in image-viewing [12, 29–31]. Although using weighted
mean can improve IQA, it is not easy to propose a proper weighting function.
The weighted mean would fail to boost the performance of an IQA model if
the constructed weighting function is inconsistent with the HVS. Apart from
mean and weighted mean, standard deviation (SD) is used for pooling in the
method of gradient magnitude similarity deviation (GMSD) [32], which is
inspired by the fact that the dispersion of local quality scores increases with
the degradation degree. However, as we will discuss later, solely using SD to
measure the degradation is insu�cient in some cases (Section 2.2.3), and the
SD pooling strategy is not always consistent with the HVS (Section 2.2.2).

Recently, statistical techniques have been widely investigated for IQA [33]
including our previous e↵orts on hypothesis testing for comparison between
di↵erent IQA metrics [34] and on robust statistics for NR-IQA [35]. Inspired
by the popularity of statistical approaches, we study sample statistics in this
work which have not been fully explored for the FR-IQA pooling [36], in
particular the statistics of gradient similarity, although it is a popular metric
in the first step. Therefore, in this paper, we investigate the integration of
various sample statistics of gradient similarity to propose an innovative adap-
tive sample statistics-based pooling (ASSP) strategy for FR-IQA. It is worth
mentioning that there are numerous proposals of NR-IQA methods [37–40]
using deep neural networks to extract features for calculating local distortion
scores and to pool these scores. We believe our pipeline of investigating the
use of sample statistics can also be extended to link the sample statistics
of the features extracted by neural networks and the HVS, enhancing the
interpretation of these approaches.

Two groups of sample statistics are explored in the proposed ASSP: stan-
dard sample statistics and robust sample statistics. Here the robust sample
statistics refer to the sample statistics that are not unduly a↵ected by out-
liers. Typical robust sample statistics include the median, trimmed mean,
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median absolute deviation, and interquartile range (IQR) [41, 42]. Here we
exploit a robust measure of dispersion, RD, derived from a robust measure
of skewness [43] and designed for skewed distributions. In total, four sample
statistics are explored in ASSP: two standard statistics (SD, mean) and two
robust statistics (RD and median).

We first observe that if the proportion of outliers among local quality
scores is relatively large, local regions of outliers can have major impacts on
HVS, and standard sample statistics could reflect the impact of outliers bet-
ter. Conversely, if the outlier proportion is small, HVS is barely influenced by
outliers, and therefore robust statistics are more suitable as they can exclude
the influence of outliers during pooling. In other words, it will be beneficial
to IQA by considering both robust sample statistics and standard sample
statistics for pooling (see Section 2.2.2 for the detailed discussion of adaptive
use of these two types of sample statistics). A popular way to determine
whether the proportion of outliers is large is to evaluate the excess kurtosis,
a descriptor of the tail of distributions. Hence we use the excess kurtosis to
construct a weighting function between robust and standard sample statistics
to adaptively integrate them.

Then we propose an adjustment of the statistics to make them more con-
sistent with HVS. The adjustment aims to avoid the statistics’ exaggeration
of degradation degree. This is achieved by using the gradient of the image
to transform the statistics, as detailed in Section 2.3.

In summary, the contributions of our work are threefold. First, we iden-
tify that standard sample statistics and robust sample statistics could provide
complementary information about the degree of degradation in distorted im-
ages. Second, we propose an e↵ective IQA metric to adaptively integrate
these two types of sample statistics via excess kurtosis. Third, we also ad-
just these statistics by considering the global change of image gradients to
avoid exaggerating the degradation degree. Moreover, in Section 3 we con-
duct extensive experiments on five well-known IQA databases, the results
of which demonstrate the e↵ectiveness of the proposed pooling strategy in
terms of high prediction accuracy and monotonicity.

2. Proposed ASSP framework

The flowchart of our proposed ASSP is illustrated in Fig. 2. First, the ref-
erence image and the distorted image are converted into the YIQ colour space.
Local quality scores for each channel are then computed separately (Section
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Figure 2: Flowchart of the proposed ASSP framework.

2.1). The proposed sample statistics-based pooling strategy is composed of
three steps: 1) calculate the statistics of local quality scores (Section 2.2); 2)
adjust the statistics (Section 2.3); and 3) integrate the statistics within and
across channels (Section 2.4).

2.1. Local quality scores

In this paper, we focus on the pooling strategy, and the local quality
scores are borrowed from FSIMc [15]. There are two types of local quality
scores in the proposed method: the similarity between gradient magnitudes
and that between chromatic features.

Image gradients have been successfully applied to image quality assess-
ment [14, 15, 32, 44, 45]. In this paper, the Prewitt filters are used for their
simplicity to calculate gradients. Xr(i) and Xd(i) denote the gradients mag-
nitudes of reference image r and distorted image d respectively at position
i. We use the similarity between Xr(i) and Xd(i) as a local quality score:

Sg(i) =
2Xr(i)Xd(i) + C1

X2
r(i) +X2

d(i) + C1
, (1)

where C1 is a positive constant for numerical stability.
For colour images, since the chrominance information is valuable for de-

tecting the degradation related to colour [15, 21, 46], we not only calculate
the similarity of gradient magnitudes in the luminance channel but also com-
pute the similarity between chromatic channels. To obtain the chrominance
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information, we convert the images into the YIQ colour space [47], which
has been successfully applied to IQA models [15, 46]. Let Y denote the
luminance channel and I and Q denote the two chromatic channels. The
similarity of chromatic channels is measured in a way similar to that for the
gradient similarity:

SI(i) =
2Ir(i)Id(i) + C2

I2r(i) + I2d(i) + C2
, SQ(i) =

2Qr(i)Qd(i) + C2

Q2
r(i) +Q2

d(i) + C2
, (2)

where Ir(i) (Id(i)) and Qr(i) (Qd(i)) are the I and Q chromatic channels of
reference image r (distorted image d) at position i, respectively. Since I and
Q components have similar dynamic ranges, we use the same constant C2 to
avoid numerical instability.

2.2. Statistics of local quality scores

Table 1: Statistics used in this paper

Robust statistics Standard statistics
Central tendency Median Mean

Dispersion RD SD

In the pooling stage, four sample statistics (Table 1) of local quality scores
in each channel are first calculated. For brevity, we shall omit the subscript
of channel unless it might raise confusion.

2.2.1. Multiple statistics
The four statistics used can be divided into two groups in two ways.

According to the type of information that the statistics provide, we have the
mean and median as the measures of central tendency (typical values) of
local quality scores, and the SD and RD as the measures of the dispersion
of scores. According to the robustness of the statistics, we have the mean
and SD as standard non-robust statistics, and the median and RD as robust
statistics [41–43]. In this subsection, we shall discuss the proper identification
of outliers among local quality scores and the e↵ectiveness of the statistics
used for characterising the distortion degree.

Boxplots are widely-used in the exploration of data, and data points are
neither within 1.5 IQR of the lower quartile nor within 1.5 IQR of the upper
quartile, where IQR is the di↵erence between the upper quartile and the lower
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quartile, are always flagged as outliers which behave di↵erently from the ma-
jority of the data [48]. This way of identifying outliers, however, assumes
that regular data points are symmetrically distributed, and thus results in
incorrect detection of outliers if the assumption is violated. A well-founded
modification regarding outliers is proposed in [43] to distinguish better be-
tween regular observations and outliers especially for skewed distributions.
In this paper, we adopt the definition of outliers in [43], because the distribu-
tions of local quality scores are mostly skewed and meanwhile, the definition
is the same as that with regular boxplots if the distributions are symmetric.

Local quality scores in Y channel
0.4 0.5 0.6 0.7 0.8 0.9 1

C
ou

nt
 o

f o
bs

er
va

tio
ns

0

2000

4000

6000

8000

10000

12000

(a)

Sample skewness
-50 -40 -30 -20 -10 0

C
ou

nt
 o

f o
bs

er
va

tio
ns

0

100

200

300

400

500

(b)

Figure 3: Histograms of local quality scores and sample skewness for TID2013. (a) His-
togram of local quality scores in the Y channel obtained from one TID2013 distorted
image, which is contaminated by the JPEG compression. (b) Histogram of the sample
skewness of local quality scores in the Y channel for all TID2013 distorted images; the
sample skewness of 83.73% distorted images is less than �1.

To visualise the skewness of distributions of local quality scores, two his-
tograms are shown in Fig. 3. It is found that the distribution is skewed to
the left in Fig. 3(a) for a distorted image from TID2013. Furthermore, we
calculate the sample skewness for each distorted image in TID2013, the his-
togram of which is provided in Fig. 3(b). It is noticeable that the sample
skewness of most distorted images is less than �1, i.e. the distributions of
local quality scores are skewed in most cases. It is therefore more appropriate
to use the definition of outliers in [43] rather than that in [48].

In [43], the authors propose three models to identify outliers: linear
model, quadratic model and exponential model. The model parameters are
determined by fitting a whole range of distributions (12605 distributions)
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such that the expected percentage of marked outliers is close to 0.7%. We
adopt the exponential model in our paper, since it performs the best in iden-
tifying outliers across di↵erent distributions. The set of outliers Soutlier in
the exponential model is defined as the extreme scores outside the interval
(the fence):

[Q1�1.5eaMCIQR, Q3+1.5ebMCIQR], (3)

where Q1 and Q3 are the 25th and 75th percentiles of local quality scores
respectively, IQR = Q3 � Q1, and MC is the medcouple which is a robust
measure of skewness [49]. MC is defined as

MC = medianS(i)Q2S(j)h(S(i), S(j)) (4)

with S(·) and Q2 representing a local quality score and the sample median,
respectively, where for all S(i) 6= S(j), the kernel function h is given by

h(S(i), S(j)) =
(S(j)�Q2)� (Q2 � S(i))

S(j)� S(i)
. (5)

For S(i) = S(j), a di↵erent definition applies, see [49]. The range of MC
is [�1, 1]. Note that a negative value of MC indicates that the distribution
is skewed to the left while a positive value indicates being right-skewed. If
underlying distributions are symmetric, MC = 0. Meanwhile, a = �4, b = 3
if MC � 0; a = �3, b = 4 if MC < 0. The adjusted boxplot accounts for
skewness by adsorbing the value of MC in (3). Specifically, a positive value
of MC indicates that the distribution is skewed to the right. Hence, the
minimum distance from identified outliers in the left tail to Q1 should not
be equal to that from the outliers in the right tail to Q3, otherwise many
observations would be erroneously flagged as outliers due to the asymmetry.
The asymmetry also indicates that the typical boxplot is not suitable in such
a case since the whiskers, which define the outliers, are symmetric around the
median. On the contrary, the minimum distance 1.5e�4MCIQR in the left tail
is less than the minimum distance 1.5e3MCIQR in the right tail in terms of
(3) in the adjusted boxplot, which indicates that the adjusted boxplot o↵ers
a better alternative in such cases since the mass of the distribution is concen-
trated on the left. It is worth mentioning that a and b play the same role as
MC in accounting for skewness when identifying outliers. Similar conclusions
can be reached for MC < 0. Note that the fence in (3) is equivalent to that
in traditional boxplots for MC = 0.
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By taking advantage of (3), we propose to use RD concerning the disper-
sion of regular data points, and it is defined by

RD = max
S(i)Q3+1.5ebMCIQR

S(i)� min
S(j)�Q1�1.5eaMCIQR

S(j). (6)

It is clear that the RD is not being much a↵ected by outliers which are not
taken into account in the measure. In contrast, the SD can be largely a↵ected
by outliers as it covers all extreme scores.

To our best knowledge, the usefulness of the RD and median to reflect the
degradation degree in the pooling step for FR-IQA has not been explored.
Here we take two examples to illustrate their usefulness. The first example is
shown in Fig. 4, where the distortion type is JPEG2000 compression and the
degradation lies in the Y channel. It is observed that the RD increases and
the median decreases with perceptual quality decreases, and this pattern is
much more remarkable in the Y channel as it should be. That is, both the
RD and the median are indicative of di↵erent perceptual qualities.

The second example is shown in Fig. 5, where the distorted images are
contaminated by the change of colour saturation, and the degradation exists
in the I and Q channels. The RD and median show similar patterns as those
in Fig. 4, but this time are much more clearly in the I and Q channels as
they should be.

These examples indicate that both the RD and the median of local scores
can be highly correlated to the HVS. Meanwhile, the SD pooling, proposed in
GMSD, is similar to the RD in the sense that it also quantifies the dispersion
of local quality scores. The good performance achieved by GMSD indicates
its correlation with the HVS. Mean reflecting the central tendency as median
does is also taken into account in the proposed statistics-based pooling, since
it shows the di↵erent aspect of local quality scores as a standard sample
statistics compared with the SD, which will be discussed in Section 2.2.3.
We found that the robust statistics and standard statistics should be used
adaptively in the pooling strategy, which we shall discuss in Section 2.2.2.

2.2.2. Standard statistics vs. robust statistics
We observe that the HVS responds di↵erently to outliers in local quality

scores. The HVS has di�culty perceiving the outliers if they are few, in-
dicating that in such cases the robust statistics can be more representative
of the degradation degree. On the contrary, the HVS would pay attention
to outliers if outliers are of a large proportion and thus informative, which
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Figure 4: Adjusted boxplots of local quality scores for five distorted images in the (b) Y ,
(c) I and (d) Q channels and corresponding reference image and distorted images. (a)
An TID2013 reference image and five distorted images. The leftmost image in the first
row from the top is the reference image and the remaining images are distorted images.
The perceptual quality decreases from top to bottom and from left to right in terms of
the mean opinion score (MOS). The distortion type for all distorted images is JPEG2000
which a↵ects the Y channel. The red line inside each box is the median. The bottom and
top of each box are the 75th and 25th percentiles, respectively, and thus the box height is
the IQR. The whiskers extend to the most extreme data points that are not outliers. The
di↵erence between the top end whisker and the bottom end whisker is the dispersion (RD)
that we use. These adjusted boxplots indicate that the (lower) median and the (larger)
RD can reflect well the (increased) Y -channel perceptual quality to the HVS.
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Figure 5: Adjusted boxplots of local quality scores for five distorted images in the (b) Y ,
(c) I and (d) Q channels and corresponding reference image and distorted images. (a)
An TID2013 reference image and five distorted images. The distortion type is change of
colour saturation which a↵ects the I and Q channels.
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suggests that in this case we should rely more on the non-robust statistics
for pooling in order to extract and reflect the useful information from the
outliers.

Since outliers are defined as local quality scores that are far away from
most local quality scores, their values are either much higher or much lower
than most scores. For example, if most local quality scores computed from
one distorted image lie in the range [0.8, 0.9], the outliers could be much
closer to 0 or 1 compared with other local quality scores. Outliers that are of
much lower scores than most local quality scores should correspond to pixels
with relatively large degrees of degradation, and outliers that are of much
higher scores should result from much less distorted pixels. When the outlier
ratio is low, it is very likely pixels corresponding to outliers are not structured
as informative local image region. In such cases, the HVS would ignore the
outliers since pixels are only meaningful to the HVS when they correspond
to regions. Indeed, human perceptual studies have implied that HVS may
ignore the outliers if the proportion of outliers is low in the image. Since the
HVS often needs to select and extract visual information from a noisy envi-
ronment (e.g. due to out-of-focus, foggy or raining weather), it has evolved
and/or learned over time to process these visual signals embedded in natu-
ral distortions, and developed certain tolerance to the degradation in image
quality [50]. We could correctly understand nature scene gist and classify
scene categories in low-resolution or blurred images [50–52]. Furthermore,
the HVS often has an invariant representation of familiar/learned scenes or
objects [53]. That is, these scenes/objects are still recognisable even though
they appear in very di↵erent forms under di↵erent viewing conditions, such
as varying optical quality and optical aberrations, brightness, viewing angle
or viewing distance. Taken together, it is reasonable to assume that the
perceptual assessment (e.g. judging image quality) of the distorted image
would not be a↵ected by few outliers with either lower or higher local quality
scores from the rest of the image regions because these outliers have little
impact on scene gist understanding, and the HVS may ignore these outliers
(especially) from relatively large degrees of degradation. In contrast, when
the proportion of outliers is high, the HVS should be able to perceive these
outliers due to the large size of the corresponding regions, so in this case we
should resort to the standard non-robust sample statistics which can reflect
the influence of the outliers.

One example that illustrates the negative impact resulting from the out-
liers on the non-robust statistics is provided in Fig. 6, in which the outlier
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(a) (b)

(c) (d)

Figure 6: Distorted images and their outlier maps. Distorted images contaminated by (a)
JPEG2000 compression and (c) contrast change respectively. (b) Outlier map of (a). (d)
Outlier map of (c). The outliers in the local quality scores in the Y channel are shown in
white in the outlier maps while other scores in black. MOS of (a) is 4.5000 and that of
(c) is 4.3243, indicating (a) is of better perceptual quality than (c). However, the mean
(0.9720) of (a) is worse than that (0.9880) of (c); and the SD (0.0520) of (a) is also worse
(i.e. larger) than that (0.0180) of (c).
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Figure 7: Adjusted boxplots of local quality scores computed from (a) and (c) in Fig. 6

ratios of (a) and (c) are 0.0033 and 0 respectively. It is clear that the quality
of Fig. 6(a) is superior to that of Fig. 6(c) in terms of the MOS. However,
the image quality of Fig. 6(a) would be considered to be inferior to that of
Fig. 6(c) due to a larger SD and a smaller mean if we use these non-robust
statistics to measure the degradation. Hence the use of non-robust statistics
is inappropriate in this case. As a matter of fact, it is the outliers in the
local quality scores that result in the improper quantification of degradation
of Fig. 6(a). In order to better understand the influence of outliers on the
non-robust statistics, we provide in Fig. 6(b) and (d) the corresponding out-
lier maps and in Fig. 7 the adjusted boxplots of local quality scores. It can
be seen that the boxes that most local quality scores lie in are the same for
Fig. 6(a) and Fig. 6(c). The median of Fig. 6(a) is roughly the same as that
of Fig. 6(c), while RD of Fig. 6(a) is smaller, which is more consistent with
the HVS. One di↵erence between their local quality scores is that Fig. 6(a)
has more outliers, corresponding to lower quality scores, than Fig. 6(c) does.
These outliers inevitably lower the mean of Fig. 6(a). Meanwhile, Fig. 6(a)-
(b) show that the outliers should be ignored by the HVS. If the outliers in
Fig. 6(a) could be excluded when computing the statistics, we should be
able to provide a better (more MOS-consistent) quantification of its degree
of degradation.

To further illustrate the principle that we should put more emphasis on
the non-robust statistics if the outlier ratio is high, we provide two distorted
images with the corresponding MOS and statistics of the local quality scores
in Fig. 8. The ratios of outliers are both high for Fig. 8(a) and Fig. 8(c),
which are 0.2078 and 0.2160 respectively. As the degradation in Fig. 8 exists
in the Y channel, we only provide the statistics in the Y channel to save
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(a) (b)

(c) (d)

Figure 8: Distorted images contaminated by non eccentricity pattern noise and corre-
sponding outlier maps (b) and (d). Outliers in the Y channel are first identified by the
adjusted boxplots. We then use white squares to frame irregular areas that contain many
outliers for clearer visualisation. (a) Distorted images with MOS 4.5750. (c) Distorted
images with MOS 3.3125. The SD for (a) is 0.1030 and that for (c) is 0.1274. The mean
for (a) is 0.9699 and that for (c) is 0.9630. Both medians for (a) and (c) are 1, and both
RD are 0.
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space. In terms of MOS, the perceptual quality of Fig. 8(a) is superior to
that of Fig. 8(c). However, we are unable to infer the superiority of Fig. 8(a)
based on the same RD and medians for both Fig. 8(a) and Fig. 8(c). On
the contrary, a higher mean and a smaller SD of Fig. 8(a) indicate that the
non-robust statistics are more consistent with the HVS in this case compared
with the robust statistics. By comparing the outlier maps with the corre-
sponding distorted images, it is observed that the regions corresponding to
the outliers are of inferior quality, hence the proper quality metric should take
into account of these outliers. Robust statistics, which exclude the outliers,
are hence at odds with the HVS.

The above observations inspire us to adaptively integrate robust statistics
and standard statistics, leading to a new integration method proposed in
Section 2.4.

2.2.3. Central tendency vs. dispersion
It is shown that the RD and SD are able to quantify the degradation in

the pooling step. They both account for the dispersion of local quality scores
without indicating the typical values (central tendency). On the contrary,
the mean/median can represent the typical value of the scores. The image
qualities of two distorted images, with the same degree of dispersion but
entirely di↵erent typical values, or with roughly the same typical values but
large di↵erence in dispersion, should be di↵erent. If we only use the measure
of central tendency or the measure of dispersion to quantify the degradation,
we cannot di↵erentiate these two distorted images from the perspective of
quality. We hence use both the measure of central tendency (mean/median)
and the measure of dispersion (SD/RD) in the pooling step.

2.3. Adjustment of the statistics using gradient information

Although the robust/non-robust statistics of local quality scores are ca-
pable of quantifying the degradation, they are not exactly consistent with
the visual perception of distorted images. We therefore adjust the statistics
by taking the characteristics of HVS into account, as detailed in this section.

For some types of degradation, the direct use of sample statistics could
exaggerate the degradation. An example is shown in Fig. 9.

One reason for the exaggeration is that the statistics do not consider
di↵erent perceptual e↵ects on positive or negative changes of gradient mag-
nitude. Let us take an extreme example. Suppose we have two distorted
images of the same reference image, the gradient magnitude for each pixel in
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(a) (b)

(c) (d)

Figure 9: Two pairs of reference and distorted images: (b) and (d) are distorted versions
of (a) and (c), respectively. The MOS of (b) is 2.8947, larger than 1.1627 of (d), indicating
that (b) has a lower degree of degradation and thus a better perceptual quality than (d).
However, regarding the local quality scores of (b), the mean (0.6898) and median (0.7252)
are lower than those (0.7904 and 0.8930) of (d), indicating that (b) has a poorer quality
than (d), a conclusion opposite to that drawn from the MOS. The same exaggeration of
statistics can be observed too from the SD (0.2545) and RD (0.9461) of (b), which are
larger than those (0.2347 and 0.9376) of (d), indicating poorer quality of (b).
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one distorted image increases while in the other one decreases. Meanwhile,
the changes in the gradient magnitude at the same position for both distorted
images are equal. This will lead to the same objective score for the two dis-
torted image in terms of all statistics due to the symmetric way of calculating
local quality scores. However, the distorted image with increasing gradient
magnitudes should be assessed with higher quality from the perspective of
visual perception. Loosely speaking, the increased gradient magnitudes from
the original image generally result from two cases in the context of IQA: one
case is the noise, and the other case is the contrast change [54]. Both the noise
and the contrast change lead to components with a higher spatial frequency.
In [50], the authors find that the perceived quality of natural scene images
with a higher spatial frequency are less a↵ected by the noise distortion than
those images with lower spatial frequency, since complex structures in the
images with a high spatial frequency o↵er people more local information for
the extraction and analysis. Regarding the contrast change, higher contrast
can also improve the image quality perceived by the HVS [55, 56].

In order to alleviate the exaggeration problem, we incorporate the global
change of gradient magnitudes between the reference and distorted images
in the statistics for further adjustment. The relatively global change (gc) of
gradient magnitudes between the reference image and the distorted image is
defined as

gc =
1

n

nX

i=1

Xr(i) + C3

Xd(i) + C3
, (7)

where n is the number of pixels and C3 is used for numerical stability when
Xd(i) approaches zero. The gc between Fig. 9(a) and Fig. 9(b) is 0.6477,
indicating the gradient increase induced by the distortion, while the one
between Fig. 9(c) and Fig. 9(d) is 1.6167 indicating the gradient decrease
induced by the distortion.

After obtaining gc, we further adjust the statistics to mitigate overestima-
tion of the degradation degree. With the principle that the (overestimated)
degradation represented by the (large) RD/SD and the (small) mean/median
should be lessened if the gradient magnitudes increase (gc < 1), and recall
that the local scores and their four statistics are all in [0, 1], we simply modify
the statistics as

SD0 = SD1/gc, RD0 = RD1/gc,

mean0 = (mean)gc, median0 = (median)gc.
(8)
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By using Equation (8), overestimation of the degradation is alleviated, be-
cause the SD or RD declines while the mean or median rises if gc is less than
1. Note that lower SD (or RD) and higher mean (or median) indicate better
image quality.

2.4. Integration of the adjusted statistics

To obtain a single overall quality score, we need to integrate multiple
sample statistics, as discussed in Section 2.2.2. Specifically, there are two
principles that we apply here. First, the mean and median should only
play a subsidiary role in the quantification of the degradation, and the SD
or RD should dominate in the final quality score of the distorted image.
Second, the excess kurtosis, which serves as a descriptor of the outlier ratio,
is employed to determine the relative importance of robust statistics and non-
robust statistics when combining them. Mean and median, as we discussed
before, are complementary to RD and SD in the pooling step. However,
both mean and median assume that all local regions contribute equally to
the perception, which is at odds with the HVS [27, 28]. Therefore, we think
mean and median should not dominate the overall score of the image quality.
The proposed integration is divided into two steps. The first step is to
integrate the measures of central tendency and dispersion, i.e. to combine
the SD and mean (or the RD and median). The second step is to integrate
the non-robust statistics (SD, mean) and robust statistics (RD, median).

2.4.1. Integration of the central tendency and the dispersion
A widely-used statistics for measuring data dispersion is the coe�cient

of variation (CV), defined as the ratio of SD to mean [57]. The CV has been
used in the no-reference IQA as a feature in the statistical model [58, 59]
and a pooling strategy in video quality assessment [60]. In this paper, the
integration of central tendency and dispersion is inspired by the definition of
CV, such that two distorted images with equal values of dispersion (SD or
RD) but di↵erent central tendencies (mean or median), or nearly the same
central tendency but entirely di↵erent dispersions, can be well discriminated.

However, directly using the definition of CV for integration, i.e. f1 =
SD0/mean0 and f2 = RD0/median0, is inappropriate due to two undesirable
properties of the CV when applied to IQA. Take f1 as an example. First, the
range of f1 is from 0 to infinity. Second, the derivative of f1 with respect to
the mean is �SD0/(mean0)2, implying that f1 is too sensitive to the mean
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when the mean value approaches 0. This sensitivity suggests that the mean
would dominate the final quality score, which is undesirable.

Hence, to overcome the above two problems, we propose to use (SD0)mean0

and (RD0)median0
for the integration of central tendency and dispersion. It is

clear that the ranges of the proposed (SD0)mean0
and (RD0)median0

are [0, 1].
Moreover, they are less sensitive to the mean and median, since the derivative
with respect to the mean or median is ln(SD0) or ln(RD0) when the mean or
median approaches 0.

2.4.2. Integration of the robust and non-robust statistics
After robust statistics ((RD0)median0

) and non-robust statistics ((SD0)mean0
)

are calculated, we integrate them using a weighted sum. As we mentioned
earlier, the non-robust statistics need to be heavily weighted if the ratio of
outliers is large. In this paper, we propose to use the excess kurtosis for
determining the weights.

The kurtosis is the fourth standardized moment and it describes the tail
of the distribution. Higher kurtosis results from the extreme deviations (out-
liers) and therefore we can use the kurtosis to indicate the ratio of outliers.
The kurtosis for any univariate normal distribution is 3 and we compare the
kurtosis of local quality scores to this value by subtracting 3 from the kur-
tosis, which is the excess kurtosis. If the excess kurtosis is less than 0, it
means that the distribution of local quality scores produces fewer and less
extreme outliers than does the normal distribution [61]. The excess kurtosis
is written as

K =
1
n

P
i(S(i)�m)4

( 1n
P

i(S(i)�m)2)2
� 3, (9)

where m represents the mean of local quality scores.
Then the weights assigned to the robust statistics and non-robust statis-

tics are determined by a function of excess kurtosis. We design the function
that determines the weight for the robust statistics based on two generic
principles: the range of function should be [0, 1] and is a decreasing function
of K. Specifically, the weight w for robust statistics is designed as

w =
1

1 + e�K
, (10)

where � is constant. (10) is a decreasing logistic function of K and constrains
the weight to the range [0, 1], and � is used to control the decreasing rate of
the logistic function.
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We integrate the robust statistics and non-robust statistics as

Vg = (1� w)(std0g)
mean0

g + w(RD0
g)

median0
g ,

VC = (1� w)(std0C)
mean0

C + w(RD0
C)

↵ median0
C ,

(11)

where the subscript stands for the statistics computed from di↵erent chan-
nels: the subscript g represents the luminance channel and C stands for the
I channel or Q channel. The parameter ↵ in (11) adjusts the dynamic ranges
of the two terms in the chromatic components.

Finally, a single overall quality score So can be obtained as

So = �Vg +
1� �

2
(VI + VQ), (12)

where 0  �  1 representing relative importance of the distortion in di↵erent
components.

3. Experimental results and analysis

3.1. Databases and performance measures

In all databases, the subjective scores are provided in the form of either
the MOS or the di↵erential mean opinion score (DMOS). The nonlinear qual-
ity rating compression in subjective testing generally results in the nonlinear
relationship between the subjective scores and the objective scores predicted
by IQA models [62]. Typically the nonlinearity in the predicted scores is
removed before the comparison with the subjective scores by applying re-
gression analysis to the original IQA scores. We use the logistic function to
perform the regression:

p(So) = �1

✓
1

2
� 1

1� exp(�2(So � �3))

◆
+ �4So + �5, (13)

where �1, �2, �3, �4 and �5 are regression parameters. We adopt the method
in [2] to initialize the parameters in (13) to avoid local optimal solutions.

After regression, we compare mapped values with subjective scores to
evaluate IQA methods. Prediction monotonicity and prediction accuracy
are two main measures for such evaluation. Here we use the Spearman rank
order correlation coe�cient (SROCC) and the Kendall rank order correlation
coe�cient (KROCC) to assess the prediction monotonicity. The Pearson
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Table 2: Basic information of benchmark databases
Database #(reference images) #(distorted images) #(distortions) Subjective score

LIVE 29 779 5 DMOS
LIVEMD 15 450 3 DMOS

CSIQ 30 866 6 DMOS
TID2008 25 1700 17 MOS
TID2013 25 3000 24 MOS

linear correlation coe�cient (PLCC) and the root mean square error (RMSE)
are used to evaluate the prediction accuracy.

We evaluate the proposed ASSP strategy on five publicly available im-
age databases, namely LIVE [5], LIVEMD [63], CSIQ [6], TID2008 [7] and
TID2013 [8], the basic information of which is given in Table 2. Each image
in these databases has been assessed by human subjects under controlled con-
ditions, and subjective scores (MOS or DMOS) are assigned to the distorted
images.

In order to investigate the power of the proposed ASSP method, we com-
pare it with two groups of state-of-the-art IQA metrics. The IQA models
in the first group use handcrafted features for measuring the degradation,
including the noise quality metric (NQM) [64], SSIM [10], MS-SSIM [11],
FSIMc [15], IW-SSIM [12], VIF [25], IFC [24], GSM [14], GMSD [32], LLM [19]
and SPSIM [21]. It is worthwhile mentioning that various IQA models in
the first group use di↵erent pooling strategies: several methods adopt the
weighted mean for pooling and use di↵erent features for calculating weights,
including FSIMc with the phase congruency used for computing spatially-
varying weights, SPSIM with the texture complexity, and IW-SSIM with the
information content; GMSD uses standard deviation as a pooling strategy.
The second group of models that are taken into account are deep learning ap-
proaches that require a training step for learning similarity maps and pooling
weights, including WaDIQaM-FR [65] and RADN [66]. We compare ASSP
with the deep learning models in terms of their cross-database performances.
Note that the experimental results of LLM on LIVEMD are not shown since
the code of LLM is not available.

Before using ASSP to quantify the degradation degree, we convert RGB
images into the YIQ colour space, and follow the suggestion in [67] to deter-
mine a proper scale, which is to average local F ⇥ F pixels and downsample
the image by a factor of F , with F given by

F = max(1, round(N/256)), (14)
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Figure 10: The sensitivity to the parameters in terms of SROCC on four databases. (a)
SROCC vs. C3. (b) SROCC vs. �. (c) SROCC vs. ↵. (d) SROCC vs. �.

where N is the image height or width.

3.2. Investigation of parameters

There are several parameters in the proposed ASSP. In order to investi-
gate the sensitivity of these parameters, a number of experiments are per-
formed. In Section 2, we ignore the parameter subscripts that represent the
channels for brevity except for Equations (11) and (12).

The sensitivity of parameters is shown in Fig. 10, where various values for
a given parameter are used in the experiments, while the values of the other
parameters are set as default values, which we shall discuss soon. As we
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mentioned earlier, C3 is added to ensure the numerical stability particularly
in low gradient regions. Fig. 10(a) shows that the performances of ASSP
are consistent on all databases when C3 > 2. Meanwhile, the performances
achieved by various values of � are also consistent across di↵erent databases
as indicated in Fig. 10(b) except for CSIQ and LIVEMD, where slightly
higher performance is achieved with lower �. As shown in Fig. 10(c), there
is no preference for the value of ↵ for LIVE and LIVEMD. The curve for
TID2008 in Fig. 10(c) shows a subtle growth with ↵ increasing. For CSIQ,
the corresponding curve also increases with a larger ↵, and the growth is
larger when ↵ > 0.5. Meanwhile, the preferred value of ↵ for TID2013 is
around 0.5.

Regarding the performances obtained by setting di↵erent values for � as
shown in Fig. 10(d), the trends of performances for LIVE, LIVEMD, CSIQ
and TID2008 are consistent in the sense that all three curves grow with
� increasing. The only di↵erence between TID2013 and others lies in the
range [0.7, 0.8], where the performance on TID2013 decreases while the oth-
ers increase. The di↵erent pattern observed in TID2013 results from di↵erent
distortion types contained in these databases. Specifically, there is no colour-
related distortion type in LIVE, LIVEMD, CSIQ and TID2008, which means
that we only need to consider the distortion in the luminance channel. Thus
the the proposed quality measure is only impacted by the distortion in the
luminance channel as � approaches 1 without being a↵ected by other chan-
nels. For TID2013, there are colour-related distortion types and hence we
need to consider the luminance and chromatic channels simultaneously for
comprehensively measuring the distortion. When � approaches 1, it leads
to a measure tailored for the degree of degradation focusing on the distor-
tion in the luminance channel and vice versa for � close to 0. Hence the
advantageous performance is achieved in the range [0.5, 0.7] for TID2013.
Regarding the choice of parameters in practice, we suggest that the weight
� for luminance channel should be higher than that for chromatic channels.

In summary, the proposed ASSP shows relatively good performance when
� 2 [0.5, 0.7], C3 > 2, ↵ 2 [0.5, 0.8], and � 2 [0.2, 0.6]. In practice, the
parameters required in the proposed method are set as C1 = 160, C2 = 200,
C3 = 6, � = 0.7, � = 0.4 and ↵ = 0.5. Since the local quality scores Sg, SI

and SQ that we use have already been applied successfully in [15], we use the
same values of C1 and C2 as those in [15] without tuning.
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Table 3: SROCC between RD/IQR in di↵erent channels and the subjective scores provided
by the selected datasets. Higher SROCC values for a channel are shown in bold.

Statistics LIVE LIVEMD CSIQ TID2013
RD(Y) 0.9503 0.8465 0.9481 0.6437
IQR(Y) 0.9524 0.8621 0.9181 0.6279
RD(I) 0.6531 0.3320 0.7289 0.3993
IQR(I) 0.6410 0.3078 0.7020 0.4022
RD(Q) 0.6214 0.2277 0.6766 0.4068
IQR(Q) 0.6030 0.1967 0.6353 0.4051

Table 4: Comparison of performances on benchmark databases. The top three models for
each criterion are shown in boldface
Database Criterion NQM SSIM MS-SSIM FSIMc IW-SSIM VIF IFC GSM GMSD LLM SPSIM ASSP

LIVE

SROCC 0.9086 0.9479 0.9513 0.9645 0.9567 0.9636 0.9259 0.9561 0.9603 0.9608 0.9620 0.9621
KROCC 0.7413 0.7963 0.8045 0.8363 0.8175 0.8282 0.7579 0.8150 0.8254 0.8230 0.8271 0.8275
PLCC 0.9122 0.9449 0.9489 0.9613 0.9522 0.9604 0.9268 0.9512 0.9603 0.9578 0.9599 0.9599
RMSE 11.1926 8.9455 8.6188 7.5296 8.3473 7.6137 10.2643 8.4327 7.6247 7.7678 7.6288 7.6636

LIVEMD

SROCC 0.8999 0.8604 0.8363 0.8665 0.8836 0.8823 0.8840 0.8453 0.8448 - 0.8578 0.8576
KROCC 0.7208 0.6692 0.6439 0.6765 0.7014 0.6966 0.7034 0.6547 0.6545 - 0.6689 0.6640
PLCC 0.9086 0.8914 0.8747 0.8964 0.9109 0.9030 0.9058 0.8808 0.8809 - 0.8866 0.8852
RMSE 7.9007 8.6025 9.2021 8.4760 7.8173 8.1235 8.0129 8.9559 8.9520 - 8.9213 8.8097

CSIQ

SROCC 0.7402 0.8756 0.9133 0.9310 0.9213 0.9195 0.7671 0.9108 0.9572 0.9050 0.9440 0.9294
KROCC 0.5638 0.6907 0.7393 0.7690 0.7529 0.7537 0.5897 0.7374 0.8134 0.7238 0.7880 0.7663
PLCC 0.7433 0.8613 0.8991 0.9192 0.9144 0.9277 0.8384 0.8964 0.9542 0.9000 0.9344 0.9137
RMSE 0.1756 0.1334 0.1149 0.1034 0.1063 0.0980 0.1431 0.1164 0.0786 0.1232 0.0934 0.1067

TID2008

SROCC 0.6243 0.7749 0.8542 0.8840 0.8559 0.7491 0.5675 0.8504 0.8906 0.9077 0.9104 0.9100
KROCC 0.4608 0.5768 0.6568 0.6991 0.6636 0.5860 0.4236 0.6596 0.7090 0.7368 0.7303 0.7316
PLCC 0.6142 0.7732 0.8451 0.8762 0.8579 0.8084 0.7340 0.8422 0.8717 0.8971 0.8927 0.9032
RMSE 1.0590 0.8511 0.7173 0.6468 0.6895 0.7899 0.9113 0.7235 0.6575 0.5982 0.6046 0.5759

TID2013

SROCC 0.6432 0.7417 0.7859 0.8510 0.7779 0.6769 0.5389 0.7946 0.8038 0.9037 0.9044 0.9005
KROCC 0.4740 0.5588 0.6047 0.6665 0.5977 0.5147 0.3939 0.6255 0.6334 0.7209 0.7251 0.7239
PLCC 0.6904 0.7895 0.8329 0.8769 0.8319 0.7720 0.5538 0.8464 0.8594 0.9068 0.9091 0.9138
RMSE 0.8969 0.7608 0.6861 0.5959 0.6880 0.7880 1.0322 0.6603 0.6339 0.5277 0.5165 0.5034

Weighted
Avg.

SROCC 0.6983 0.7986 0.8415 0.8835 0.8432 0.7724 0.6424 0.8475 0.8657 - 0.9145 0.9108
KROCC 0.5291 0.6147 0.6604 0.7078 0.6660 0.6110 0.4885 0.6720 0.6987 - 0.7424 0.7391
PLCC 0.7180 0.8191 0.8605 0.8931 0.8679 0.8312 0.7012 0.8660 0.8696 - 0.9126 0.9145

Direct
Avg.

SROCC 0.7632 0.8401 0.8682 0.8994 0.8791 0.8383 0.7367 0.8732 0.8913 - 0.9157 0.9119
KROCC 0.5921 0.6584 0.6898 0.7295 0.7066 0.6758 0.5737 0.6984 0.7271 - 0.7479 0.7427
PLCC 0.7737 0.8521 0.8801 0.9060 0.8935 0.8743 0.7918 0.8834 0.8771 - 0.9165 0.9152

3.3. Comparing RD and IQR

As we suggested in Section 2.2.1, RD presented in adjusted boxplots is
better suited for measuring dispersion compared to IQR in regular boxplots
since the skewness of distributions is not taken into account in IQR. To
further show the superiority of using RD rather than IQR, we compute the
SROCC between RD/IQR in di↵erent channels and the subjective scores
provided by the selected databases and provide the results in Table 3. As
expected, RD achieves higher SROCC in most cases, indicating RD is a
better measure than IQR.
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3.4. Performance comparison on benchmark databases

We first examine the performances of IQA models in the first group.
The results in terms of SROCC, KROCC, PLCC and RMSE on the five
databases are given in Table 4 and the top three models for each criterion
are shown in boldface. The number of times being among the top 3 models
is: SPSIM (12 times), ASSP (10 times), LLM (8 times), FSIMc (8 times),
GMSD (6 times) VIF (4 times), NQM (4 times), IW-SSIM (4 times), and IFC
(4 times). TID2008 and TID2013 are two large-scale datasets and provide
distortion images with various distortion types. ASSP performs the best in
terms of PLCC and RMSE on both TID2008 and TID2013. ASSP is also
in the top 3 models on LIVE in terms of SROCC and KROCC. Although
the performance of ASSP on CSIQ is superior to LLM, it is less satisfying
than SPSIM. Furthermore, the superiority of ASSP indicates that compared
with GMSD demonstrates that our sample statistics-based pooling strategy
performs much better than the simple SD pooling.

We also present the weighted average and the direct average of SROCC,
KROCC and PLCC in Table 4. The weighted average and the direct average
of RMSE are not provided because the range of RMSE for di↵erent databases
varies. The weights in the weighted average are determined by the number of
distorted images in the four databases. Although SPSIM achieves the largest
number of being among the top 3 models, it does not imply that SPSIM is
better than ASSP since the criteria based on the weighted average and direct
average are roughly the same for both models. To sum up, we believe ASSP
obtain comparable performance across di↵erent datasets if it is not superior
to SPSIM.

3.5. Performance comparison on individual distortion types

Generally speaking, a good IQA model should not only perform well on
databases, but also perform consistently across di↵erent distortion types.
Therefore we evaluate IQA models in the first group on each distortion type
individually for comprehensively assessing our IQA model. The results are
listed in Table 5. To save the space, we use the abbreviation to denote dis-
tortion types and only provide SROCC for evaluation. We compare di↵erent
IQA models on TID2013 since its number of distortion types is the largest
compared with the other datasets. In Table 5, ASSP is among top 3 models
17 times, followed by LLM (15 times), GMSD (14 times), GSM (8 times),
SPSIM (6 times), FSIMc (4 times), VIF (4 times), MS-SSIM(3 times), and
IW-SSIM (1 time). It is worthwhile mentioning that, although SPSIM is

26



Table 5: SROCC performance comparison on each individual distortion type on TID2013
with the top 3 models highlighted in boldface for each distortion type

Type NQM SSIM MS-SSIM FSIMc IW-SSIM VIF IFC GSM GMSD LLM SPSIM ASSP
AGWN 0.8171 0.8671 0.8646 0.9101 0.8438 0.8994 0.6612 0.9064 0.9462 0.9462 0.9273 0.9469
ACN 0.7403 0.7726 0.7730 0.8537 0.7515 0.8299 0.5352 0.8175 0.8684 0.8975 0.8522 0.8700
SCN 0.7880 0.8515 0.8544 0.8900 0.8167 0.8835 0.6601 0.9158 0.9350 0.9349 0.9136 0.9340
MN 0.6852 0.7767 0.8073 0.8094 0.8020 0.8450 0.6932 0.7293 0.7075 0.7545 0.7543 0.7673
HFN 0.8700 0.8634 0.8604 0.9040 0.8553 0.8972 0.7406 0.8869 0.9162 0.9524 0.9062 0.9220
IN 0.7907 0.7503 0.7629 0.8251 0.7281 0.8537 0.6408 0.7965 0.7637 0.8326 0.8205 0.8386
QN 0.8261 0.8657 0.8706 0.8807 0.8468 0.7854 0.6282 0.8841 0.9049 0.9055 0.8897 0.8957
GB 0.9005 0.9668 0.9673 0.9551 0.9701 0.9650 0.8907 0.9689 0.9113 0.9451 0.9527 0.9363
ID 0.9195 0.9254 0.9268 0.9330 0.9152 0.8911 0.7779 0.9432 0.9525 0.9478 0.9480 0.9440

JPEG 0.8765 0.9200 0.9265 0.9339 0.9187 0.9192 0.8357 0.9284 0.9507 0.9544 0.9374 0.9521
JP2K 0.9269 0.9468 0.9504 0.9589 0.9506 0.9516 0.9078 0.9602 0.9657 0.9702 0.9662 0.9638
JGTE 0.7321 0.8493 0.8475 0.8610 0.8388 0.8409 0.7425 0.8512 0.8403 0.8459 0.8660 0.8676
J2TE 0.8068 0.8828 0.8889 0.8919 0.8656 0.8761 0.7769 0.9182 0.9136 0.9176 0.9119 0.9157
NEPN 0.7463 0.7821 0.7968 0.7937 0.8011 0.7720 0.5737 0.8130 0.8140 0.7967 0.8098 0.8231
LBWD 0.0064 0.5720 0.4801 0.5532 0.3717 0.5306 0.2414 0.6418 0.6625 0.6273 0.1887 0.6932
MS 0.6092 0.7752 0.7906 0.7487 0.7833 0.6276 0.5522 0.7875 0.7351 0.7586 0.7846 0.7156
CTC 0.4623 0.3775 0.4634 0.4679 0.4593 0.8386 0.1798 0.4857 0.3235 0.4634 0.7148 0.7788
CCS 0.1591 0.4141 0.4099 0.8359 0.4196 0.3099 0.4029 0.3578 0.2948 0.3117 0.7913 0.8337
MGN 0.7727 0.7803 0.7786 0.8569 0.7728 0.8468 0.6143 0.8348 0.8886 0.9097 0.8620 0.8948
CN 0.8755 0.8566 0.8528 0.9135 0.8762 0.8946 0.8160 0.9124 0.9298 0.9455 0.9144 0.9296
LCNI 0.9064 0.9057 0.9068 0.9485 0.9037 0.9204 0.8180 0.9563 0.9629 0.9588 0.9500 0.9564
ICQD 0.8635 0.8542 0.8555 0.8815 0.8401 0.8414 0.6006 0.8973 0.9102 0.9155 0.9063 0.9180
CA 0.8174 0.8775 0.8784 0.8925 0.8682 0.8848 0.8210 0.8823 0.8530 0.8682 0.8784 0.8821
SSR 0.9468 0.9461 0.9483 0.9576 0.9474 0.9353 0.8885 0.9668 0.9638 0.9676 0.9642 0.9608

Table 6: SROCC comparison in cross-database evaluation. The best model on each test
database is highlighted in boldface
Trained/Tuned on LIVE LIVEMD CSIQ TID2013
Tested on LIVEMD CSIQ TID2013 LIVE CSIQ TID2013 LIVE LIVEMD TID2013 LIVE LIVEMD CSIQ
WaDIQaM-FR 0.8644 0.9090 0.7510 0.4432 0.4350 0.2672 0.9661 0.8927 0.7872 0.9360 0.7744 0.9310
RADN 0.8764 0.8233 0.6390 0.8202 0.7544 0.5280 0.9253 0.8006 0.5995 0.9443 0.8564 0.9179
ASSP 0.8611 0.9435 0.8812 0.9624 0.9388 0.8900 0.9637 0.8619 0.8800 0.9599 0.8588 0.9440

competitive with ASSP, its performance within each distortion type is infe-
rior to that of ASSP.

3.6. Cross-database evaluation of deep learning models and ASSP

To examine the generalization ability of IQA models based on deep learn-
ing. We train WaDIQaM-FR/RADN on one database and evaluate the per-
formance of the trained model on the other databases. Likewise, we assess
the generalization ability of ASSP by first tuning its hyperparameters on one
dataset and then examining its performance on the other datasets. Note
that TID2008 is excluded for this comparison since TID2008 and TID2013
have the same references images, and performing cross-data evaluation be-
tween these two databases is inappropriate. Table 6 shows the cross-database
performances of deep learning models and ASSP in terms of SROCC. It is
observed that ASSP performs best in most combinations. When trained on
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a smaller database, such as LIVEMD, both WaDIQaM-FR and RADN ex-
hibit rather poor generalization performance. Furthermore, using TID2013
which is the largest database as a training dataset for WaDIQaM-FR and
RADN does not lead to the cross-database performance better than ASSP.
The poor generalization ability shown by WaDIQaM-FR and RADN is ex-
pected as deep learning models often require quite large databases for train-
ing. Compared with the IQA models based on deep learning, ASSP shows
good generalization ability and perform consistently well cross databases.

3.7. Proposed statistics-based pooling for other IQA models

To further investigate the e↵ectiveness and applicability of ASSP, we in-
corporate it into several other IQA models: FSIMc, SSIM, GMSD, and MSE
(which is equivalent to PSNR but can get local quality scores). For SSIM
and MSE, we do not use the gradient information to adjust the statistics,
since the gradient information is not included in the extracted features from
them. For FSIMc and GMSD, we implement the adjustment.

Table 7: SROCC of the proposed pooling on other IQA models
Original Pooling Proposed Pooling Weighted Average

Database LIVE LIVEMD CSIQ TID2013 LIVE LIVEMD CSIQ TID2013 Original Pooling Proposed Pooling
SSIM 0.9479 0.8604 0.8756 0.7417 0.9496 0.8610 0.8476 0.7544 0.8065 0.8095
FSIMc 0.9645 0.8665 0.9310 0.8510 0.9626 0.8594 0.9354 0.9016 0.8833 0.9129
GMSD 0.9603 0.8448 0.9572 0.8038 0.9601 0.8538 0.9315 0.8136 0.8574 0.8596
MSE 0.9197 0.7459 0.8178 0.6340 0.9197 0.7435 0.8197 0.6273 0.7188 0.7150

Performance comparison between the original pooling of those IQA mod-
els and the proposed pooling is shown in Table 7. We can find that the per-
formances of SSIM, FSIMc and GMSD are elevated by using our proposed
pooling strategy in terms of the weighted average over the databases (see the
rightmost block of Table 7). However, the results are worse MSE when using
the proposed pooling strategy. This may be because the proposed strategy is
designed based on the gradient similarity and the chromatic similarity, better
suited for the local quality scores involving the gradient/chromatic features.
It is also worth mentioning that FSIMc and SSIM adopt diverse types of
features for calculating local quality scores. The improvement achieved by
applying the proposed pooling strategy to FSIMc and SSIM may indicate
that the proposed statistics-based pooling can account for the interaction of
diverse features.
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3.8. Computational complexity
The computational complexity of an implemented IQA model is instru-

mental in real-time applications. Table 8 presents the running time of several
IQA models on a 512 ⇥ 512 image. All algorithms were run on a MacBook
Pro with 2.8 GHz Intel Core i5 and 8 GB 1600 MHz DDR3. The software
platform is Matlab R2017b. GMSD shows the fastest speed but its perfor-
mance is inferior to that of the state-of-the-art methods. On the contrary, the
proposed ASSP exhibits competitive performance and is faster than NQM,
FSIMc, IW-SSIM, VIF, IFC, and SPSIM.

Table 8: Comparison of running time in seconds
Method NQM SSIM MS-SSIM FSIMc IW-SSIM VIF IFC GSM GMSD LLM SPSIM ASSP

Running time (s) 0.2539 0.0154 0.0600 0.4287 0.5095 1.0670 1.0780 0.0239 0.0090 - 0.1925 0.1380

4. Conclusion

This paper proposes a new sample statistics-based pooling strategy called
ASSP for FR-IQA. We show that the median and RD are correlated with the
HVS and can provide complementary information on the degree of distortion
to that provided by the mean and SD. We integrate mean, SD, median and
RD in an innovative way to obtain overall IQA score. The ASSP is mostly
superior to the state-of-the-art IQA models compared, in terms of both mean
and weighted mean of di↵erent evaluation criteria.

Table 7 shows that although the proposed pooling boosts the perfor-
mance of several representative FR-IQA models (FSIMc, SSIM and GMSD),
it fails to do so when applied to simple features which do not take the gradi-
ent/chromatic similarity into account. We hence think the proposed strate-
gies are better suited for local quality scores that involve gradient magnitudes
or chromatic information. Meanwhile, the failure of boosting MSE may re-
sult from the fact that the distributions of their local quality scores are quite
di↵erent from that of the local quality scores adopted in this paper. Since
the proposed approach is motivated by the distributional characteristics of
local quality scores, such as the skewness and outliers. If the distributions
of local quality scores are not skewed, using adjusted boxplots, as we did in
the proposed pooling, to determine the robust dispersion and outliers may
not be appropriate.

Our investigation so far focuses on one of the robust measures of the
dispersion: RD. However, there are many alternatives that can also exclude
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the influence of outliers to some extent, such as the IQR and the interdecile
range. The use of other robust measures of the dispersion and their correla-
tion with the HVS will be one of our future work. In addition, in the current
framework the values of parameters are determined empirically; hence inves-
tigating how to guide the learning of parameters by linking them to the HVS
will be another of our future work.
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