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ARTICLE INFO ABSTRACT

Keywords: Blind image quality assessment (BIQA) aims to evaluate the perceptual quality of image with
Blind image quality assessment no pristine image for comparison, which attracts extensive attention and is of wide applications.
Bayesian brain theory Research on human visual system (HVS) indicates visual perception is classically modeled as
Hierarchical degradation analysis a hierarchical process. Meanwhile, empirical evidence shows that different levels of distortion
Feature aggregation generate individual degradation on hierarchical features. Although previous BIQA methods ex-
Deep neural network ploited different levels of feature, the degradations and correlations on hierarchical features are

not detailedly analyzed. In this paper, hierarchical degradation is systematically analyzed by
quantitative and qualitative experiments using interpretable hierarchical features. Additionally,
as there exist strong relationships, these features cannot be simply concatenated for quality pre-
diction. Inspired by the Bayesian brain theory, correlations among hierarchical features are thor-
oughly deduced with joint probability. Guided by the mathematical derivation, a new feature
aggregation network (FANet) is designed to eliminate correlations for hierarchical features fu-
sion. Finally, a novel end-to-end BIQA framework based on hierarchical feature aggregation is
proposed, which eminently analyzes the degradations and correlations on hierarchical features.
Experimental results on five benchmark databases show that the proposed method achieves state-
of-the-art performance. Furthermore, cross-database evaluations demonstrate the generalization
capability and robustness of the proposed method.

1. Introduction

Nowadays, we are exposed to a large amount of digital image information through mobile devices, social media,
etc. Inevitably, digital images are distorted during the processes of acquisition, compression, transmission and display.
Therefore, objective image quality assessment (IQA), which can assist in controlling the quality attenuation degree of
images in each process, is important. Generally, objective IQA methods can be classified into three categories based on
the availability of reference images, i.e., full-reference (FR) IQA [35, 13, 15], reduced-reference (RR) IQA [34, 36] and
no-reference/blind (NR/B) IQA [24, 9, 50]. Among them, BIQA is the most challenging problem because reference
images are not available in many realistic situations [26, 8], which has attracted extensive attention in recent years.

Traditional BIQA models commonly try to design feature descriptors manually based on the properties of the
Human Visual System (HVS) or Natural Scene Statistic (NSS) [27, 31, 25, 26, 48, 20, 39]. However, it is hard to
design feature descriptors to adequately represent complex image distortions. In recent years, deep learning has been
widely used in BIQA tasks, because deep neural network (DNN) can automatically capture deeper features (instead of
designing hand-crafted features) for degradation representation. The deep learning-based BIQA methods are mainly
designed in two ways. The first one only extracts single level of feature, (i.e., the last layer of the DNN), to assess
image quality [1, 23, 22, 7], in which the degradations on the hierarchical features are not adequately considered. Like
other computer vision tasks [45, 46, 47] that widely use multi-level features, the second type of methods extract multi-
level features in a single DNN to predict quality score [4, 38]. Although the degradations on hierarchical features are
considered, the physical meaning of multi-level features is ambiguous, limiting the analysis of hierarchical degradation
for IQA. Meanwhile, the correlations among hierarchical features are not thoroughly explored. Although significant
improvements have been made, there’s still a large gap between objective BIQA methods and human perception.
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In order to design an objective BIQA method that is more consistent with human subjective perception, we further
investigate the theoretical perceptual process in the HVS. Research indicates that visual perception is a hierarchy,
in which the input visual signal is processed hierarchically from simple local information (e.g., edges and textures) to
complex information (e.g., concepts and categories) [30] and the hierarchical information is extracted by different levels
of visual cortex areas [12]. Empirically, different levels of distortion generate individual degradation on hierarchical
features. Moreover, the HVS presents that there exist strong relationships among hierarchical features. Therefore, we
thoroughly analyze the hierarchical degradation and correlation for IQA.

In this work, hierarchical features of image are approximated as local-detail features (edges), regional-structure
features (contours) and global-semantic features (concepts). Generally, hierarchical features extracted from different
layers of a single network are not explicit enough and lack clear physical meaning, which can not effectively reflect
the degradations on hierarchical features and limits the analysis of hierarchical degradation. Hence, by mimicking dif-
ferent visual cortex areas, multiple task-specific pre-trained neural networks are adopted to extract more explicit and
interpretable hierarchical features, which can effectively reflect the hierarchical degradation. Based on these features,
hierarchical degradation is systematically analyzed by qualitative and quantitative experiments. Besides, the hierar-
chical features are not independent of each other but are complexly interrelated [3]. Motivated by the Bayesian brain
theory [18], the correlations among hierarchical features are thoroughly deduced with joint probability. Guided by the
mathematical derivation, a novel feature aggregation network (FANet) is designed to eliminate the correlation for hier-
archical features fusion. Therefore, a novel end-to-end BIQA framework based on hierarchical feature aggregation is
proposed. Experimental results demonstrate that the proposed method is highly consistent with subjective perception.

The main contributions of our model are as follows. First, by adopting more reasonably interpretable hierarchical
features, hierarchical degradation is systematically analyzed through qualitative and quantitative experiments for the
first time. Second, according to the Bayesian brain theory, correlations among hierarchical features are thoroughly
deduced with joint probability. A novel FANet is designed to eliminate the correlation for hierarchical features fusion
with the guidance of the mathematical derivation.

The remainder of this paper is structured as follows. In Section 2, we review the related works on BIQA. In Section
3, we give the analysis of degradations on hierarchical features. Section 4 describes the details of the proposed model.
Experimental results and analysis are presented in Section 5. Finally, we conclude this paper with a discussion in
Section 6.

2. Related work

2.1. Traditional blind image quality assessment

Traditional BIQA methods attempt to design feature descriptors manually, which are expected to extract features
related to quality degradation. NSS based method is one of the most popular ones. In [27], DIIVINE utilizes NSS
features to assess the quality of an image, which contains a two-stage framework: distortion identification followed
by distortion-specific quality evaluation. BLIINDS-II [31] adopts a statistical model of local discrete cosine trans-
form (DCT) coefficients for IQA. Moreover, BRISQUE [25] proposes a NSS based distortion generic BIQA algorithm
modeled in the spatial domain. NIQE [26] extracts the “quality-aware” features from an NSS model and then fits
them to a multivariate Gaussian (MVG) model. IL-NIQE [48] learns a MVG model utilizing NSS features extracted
from several domains for IQA. In addition to NSS based feature descriptors, there are other ways to design feature
descriptors. RISE [20] extracts multiscale features by simulating the multiscale characteristic of the HVS. Inspired
by the orientation selectivity (OS) mechanism in the HVS, NRVPD [39] extracts the orientation similarity patterns
from image and measures the pattern degradation for IQA. However, the feature descriptors are difficult to design to
represent complex image distortions.

2.2. Deep learning-based blind image quality assessment

In recent years, deep learning methods have shown their superiority in many computer vision tasks due to the strong
representation ability. They have also been applied to BIQA tasks. The existing deep learning-based BIQA methods
are mainly constructed in two ways.

The first one only extracts the single level of feature (i.e., the last layer of the DNN) to assess image quality. For
example, Bosse et al. [1] propose an end-to-end method, in which the local patchwise qualities are pooled into a global
imagewise quality. MEON [23] presents a multi-task end-to-end optimized model including a distortion identification
network and a quality prediction network. RankIQA [22] exploits relative ranking information from a pair of images by
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training a Siamese Network. APNet [7] proposes an attention model that can learn the local quality and local weights
jointly. However, different levels of distortion generate different degradations on hierarchical features. These methods
described above do not consider the degradations on the hierarchical features and there exists a large gap between them
and the subjective perception.

In order to capture the hierarchical features, the second type of deep learning-based BIQA methods adopt a single
DNN to extract multi-level features, and then consider them jointly to predict the quality score. Gao et al. [4] extract
multi-level features from each layer of the DNN and then apply support vector regression (SVR) to regress each level
of feature into a quality value, respectively. The final quality score is calculated by these layer-wise quality values.
In [38], the local structure features based on OS mechanism are combined with the deep semantic features extracted by
ResNet [11] to predict image quality. Although these BIQA methods have achieved significant improvements, there
still exist some specific issues to be fixed. First, different levels of features extracted by the hierarchical structure of
a single DNN are not explicit enough, which can not effectively reflect the degradations on hierarchical features and
limits the analysis of hierarchical degradation for IQA. Second, the correlations among hierarchical features are not
thoroughly analyzed, which greatly weakens the particularity of subjective perception and limits the performance.

In our work, based on the interpretable hierarchical features, hierarchical degradation is detailedly analyzed. To
the best of our knowledge, this is the first attempt to analyze the hierarchical degradation through qualitative and
quantitative experiments. And motivated by the Bayesian brain theory, the correlations among hierarchical features
are thoroughly analyzed for hierarchical features fusion.

3. Hierarchical feature degradation

Research on neuroscience indicates that visual perception is a hierarchical process, in which the input visual signal
is processed hierarchically from local details to global semantics [30]. Specifically, simple features are extracted
firstly (e.g., edge and texture). Then, more complex information (e.g., contour and shape) is extracted by integrating
the previous simple features. By further integrating the information collected before, the HVS eventually generates
comprehensive representations (e.g., global semantic) for visual recognition. In addition, neuroscientists have found
that the primary visual cortex areas responsible for extracting visual information at different levels are different [12].
Namely, V1 and V2 areas extract simple features (e.g., local edge and texture). And, more regional representations
(e.g., contour and shape) are generalized by the successive areas (V3, V4, and medial-temporal areas). Finally, high-
level visual areas (inferotemporal and prefrontal areas) generate global semantics (e.g., abstract and categories).

Inspired by the hierarchical perception of the HVS, visual quality degradation can also be described as a hierarchical
process. Specifically, different levels of distortion will generate individual degradation on hierarchical features. As
shown in Fig. 1, an original image is distorted by Gaussian blur under different levels. From Fig. 1(b) to (d), their
qualities gradually decrease, and their Peak Signal to Noise Ratio (PSNR) values are 27.9dB, 23.1dB and 19.2dB,
respectively. When the distortion is weak, as shown in Fig. 1(b), the local edge is slightly degraded, while contour and
global semantic (i.e., we can understand Fig. 1(b) contains flowers and window) are not affected. With the increasing
of distortion level, as shown in Fig. 1(c), in addition to local edge, the regional contour is degraded apparently, but
the global semantic is slightly degraded which has little effect on understanding the image content. Strong distortion,
shown in Fig. 1(d), severely degrades the local edge and regional contour, and directly destroys the global semantic.

Moreover, research indicates that there exist strong relationships among the hierarchical features [3]. According
to the Bayesian brain theory [18], we perform the quantitative analysis by mathematical derivation to further reveal
the correlation. Bayesian brain theory indicates that, when an image [ is received, the brain always seeks the best
explanation to describe the scene by adjusting the internal generative model B, [37]. The internal generative model B,
can predict the primary visual information and avoid residual uncertainty/disorder. The cognitive process of Bayesian
brain can be modeled as a probabilistic model, so the most reasonable interpretation of I can be expressed as P(I|B,),
which can be computed as follows:

P(I,B,)  P(B,IDP(I)
P(B)  P(B,)

P(I|B,) = : %)
where P(I, B,) is the joint distribution, P(B,|I) is the posterior distribution of the model for the given image I and
P(B,) is the prior density of the model.

Besides, enlightened by the hierarchical perception in the HVS, we suggest that B,, consists of multiple related
components that can be referred to as the L, R and G submodels. Each submodel extracts different levels of primary
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(a) Reference image with no distortion (b) Distorted image with PSNR=27.9dB

(c) Distorted image with PSNR=23.1dB (d) Distorted image with PSNR=19.2dB

Figure 1: Hierarchical visual quality degradation under different distortion levels. (a) Reference image. (b)-(d) Distorted
images by Gaussian blur under different levels, their PSNR values are 27.9dB, 23.1dB, and 19.2dB, respectively. The
higher the PSNR value, the better the image quality.

visual information respectively. To be specific, the L-submodel is an approximation to V1 and V2 of the primary
visual cortex areas for extracting local information. In the same way, R-submodel is the approximation to V3, V4
and medial-temporal areas for extracting regional information and G-submodel is the approximation to inferotemporal
and prefrontal areas for extracting global information. Thus, the B, can be represented as B, = LURUG. And, the
P(B,|I) (P(I|B,) o P(B,|I)) can be recognized as:

P(B,|I) = P(LURUG|I)
= P(L|I) + P(R|I) + P(G|I)
— P(LOR|T) = P(LNG|I) — P(RNG|I)
+ P(LARNG|I). 2)

Further, using Bayes’ theorem, we have

P(LNR|I) = P(R|LNI)P(L|I)
P(RNG|I) = P(G|RNI)P(R|I)
P(LNG|I) = P(L|GNI)P(G|I), 3

P(LNRNG|I) = P(RNG|LNI)P(L|I)
= P(LNG|RNI)P(R|I)
= P(LNR|GNI)P(G|I). “4)
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Based on the above analysis, Eq. (2) can be finally rewritten as:

P(B,|I)=[1 - fi(L,R,G,I)]- P(L|I)
+[1-fo(L,R,G,I)]- P(R|])
+[1- f3(L,R,G,I)] - P(G|1), )

where f;(-) represents the relationship among the three submodels, called correlation factor. Concretely, f;(-) can be
calculated as:

fi(L,R,G,T) = P(R|LNI) — %P(RnGanI)

fo(L,R,G,T) = P(G|RNI) — %P(LnG|RnI)

f3(L,R,G,I)=P(L|GNI)— %P(LﬂR|GnI). 6)

Obviously, Eq. (6) indicates that correlation factor f;(-) is related to L, R and G. Moreover, by calculating corre-
lation factor f;(-), we can eliminate the correlation for hierarchical features fusion.

In summary, hierarchical features are degraded differently when images are distorted at different levels, and there
exist strong relationships among these features. In order to perform consistently with the subjective perception, the
degradations and correlations on hierarchical features are systematically considered for image quality assessment.

4. Proposed method

According to the hierarchical perception mechanism in the HVS, the hierarchical features of images are approxi-
mated as local-detail features (edges), regional-structure features (contours) and global-semantic features (concepts).
The different levels of features extracted by the hierarchical a structure of single deep neural network lack clear phys-
ical meaning and may be inconsistent with the hierarchical features described in our work, limiting the analysis of
hierarchical degradation. In order to effectively analyze the hierarchical degradation, multiple task-specific pre-trained
neural networks are adopted by mimicking different submodels (L, R and G) to extract more explicit and reasonably
interpretable hierarchical features.

Moreover, there exist complex correlations among hierarchical features and we cannot simply concatenate these
features. According to Eq. (5), the correlation can be eliminated by calculating the correlation factor f;(:). In this
work, guided by the mathematical derivations of section 2, a FANet is designed to implicitly calculate the correlation
factor f;(-) for hierarchical features fusion.

In general, the degradations and correlations on hierarchical features are systematically considered in our work
for image quality assessment. The architecture of the proposed BIQA model is shown in Fig. 2, which consists of
two main parts: a feature extraction network for hierarchical feature extraction and a feature aggregation network for
hierarchical feature fusion. We first describe each component of our framework in detail and then explain the learning
of our model. Definitions of notations used in this paper are summarized in Table 1.

4.1. Model components

Feature extraction network. Through mimicking different visual cortex areas, multiple task-specific pre-trained
neural networks are adopted to extract more explicit and reasonably interpretable hierarchical features, by which the
hierarchical degradation can be effectively reflected. Specifically, the local-details (edges) are extracted by the local-
detail subnet that adopts an edge detection system HED [40]. Similarly, the regional-structure subnet adopting a contour
detection system CEDN [43] and the global-semantic subnet adopting an object classification system VGG-16 [33]
are used to extract regional-structure features and global-semantic features (concept), respectively. These selected
networks all achieves excellent performance in their respective tasks. And it is important that the pre-trained weights
of these networks are available, because we may not be able to retrain to achieve the excellent performances obtained
in the original paper. Therefore, we directly adopt the pre-trained weights to extract hierarchical features.

Concretely, the local-details (edges) and regional-structure (contours) are extracted from the last layer of HED and
CEDN, respectively. We tailor the VGG-16 by discarding all fully connected layers and the global-semantic features
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Figure 2: The overall architecture of the proposed model. The HED is an edge detection system, CEDN is a contour
detection system and tailored VGG-16 is an object classification system.

Table 1
Notations used in this paper.
Symbol  Meaning Symbol  Meaning
V; The visual cortex areas of Human Visual System a The learning rate in the training process
I Input image to be assessed (23] The concatenation operation
B, The internal generative model of Brain Ky The final fused feature of I
L A component of B, for extracting local feature Reg The feature regression network with parameters 6
R A component of B, for extracting regional feature 0 Parameter in Reg
G A component of B, for extracting global feature (0] Human subjective visual quality of I
S; Hierarchical features of I (0] The estimated visual quality score of I
S Feature of I obtained by concatenating all S; F The proposed model with parameters Q
F,, Interaction operation of feature aggregation network Q Parameter in F
Sin Feature of I containing interaction information X; The patch extracted from I
Fy, Decorrelation operation of feature aggregation network N, The number of patches extracted from I
fi() The correlation factor of S; Conv A convolutional neural layer
; The value of f;(-) FC A fully-connected layer

(concepts) are extracted from the last layer of tailored VGG-16. The size of the raw features extracted from the HED
and CEDN is image level (320 X 320 X 1), and the size of the original features extracted from the tailored VGG-16 is
10 X 10 x 512. Therefore, we add a down-sampling net after the last layer of HED and CEDN networks to reduce the
dimension (320 X 320 x 1 to 10 X 10 X 512). The details of down-sampling net are explained in Fig. 3 (a). Finally,

the hierarchical features are unified to the same size 10 X 10 X 512 and denoted as {S,- }?=1'

Feature aggregation network. The generative model B, of the brain can be viewed as consisting of a set of
interrelated submodels. Further, there exist complex relationships among hierarchical features extracted by these sub-
models and we cannot simply concatenate these features. Therefore, the correlations among hierarchical features are
supposed to be taken into account for feature fusion. Eq. (5) shows that the correlation can be eliminated by calculating
correlation factor f;(-). The FANet is designed to automatically calculate the correlation factor f;(-) for hierarchical
features fusion.

It can be seen from Eq. (6) that the correlation factor f;(-) is relevant to L, R and G. Therefore, the interaction
information among the hierarchical features should be captured first, which contains the dependencies between different
levels of features. And then f;(-) can be decomposed from the interaction information for feature fusion. Concretely,
the FANet is proposed to calculate the correlation factor f;(-) in two steps: interaction and decorrelation. Fig. 3 (b)
shows the details of the FANet.

Interaction: The purpose of interaction operation is to obtain interaction information among different levels of

3 . . . . .
features {Si}i=1' The hierarchical features are first simply concatenated, and then a convolutional layer with 3 X 3
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(a) Down-sampling Net (b) Feature Aggregation Network

Figure 3: The structure of the Down-sampling Net and Feature Aggregation Network. The presentation formats are
Conv(heights, widths, output channels, strides) and FC(output nodes)

kernel, 1 X 1 stride is adopted to obtain interaction information. After the interaction operation, the feature maps .;,
include the interaction information among hierarchical features, which can be represented as:

Sin = Fin(S), @)

in

S=Sl®52653, (8)

where F;, represents interaction operation and the & means the concatenation operation.

Decorrelation: After the interaction operation, we add another operation: decorrelation operation F,,. By learn-
ing the interaction information, the decorrelation operation F;, is designed to calculate the correlation factor f;(-).
Concretely, the S, is first fed into global average pooling, and the pooled feature vector R € R€ can be represented

as:

h w

l . .

re = Z Zsfn(z,J) c=1,2,..,C, o
i=1 j=1

where s7 refers to the c-th channel of S;,,, h and w denote the size of s7, and r, refers to the c-th element of R.

After the global average pooling, correlation factor f;(-) is computed by two fully connected layers. The dimen-
sions of the two fully connected layers are 100 and 3, respectively. In particular, both the fully connected layers are
followed by a non-linear rectified linear unit (ReLU) activation function, which can learn the nonlinear interaction

among hierarchical features.
We adopt w; to denote the value of f;(). Finally, the w; is obtained by decorrelation operation F,,, which can be

represented as:

w; = Fuo(S;,) i=1,2,3. (10)

Based on the w;, as shown in Eq. (5), the final fused features can be represented as:

S=(1-0)S, & —0,)S, ® (1 —w3)S;, (11)

where @ means the concatenation operation, and the size of Sis 10 x 10 x 1536.
The final predicted score Q of the input image I can be calculated as:

O = Reg(S;0), (12)

where Reg(-) denotes a regression network containing a max-pooling layer of size 10X 10 applied to reduce dimension
and two fully connected layers, and 6 represents the parameters of regression network. We keep the first fully connected
layer with 100 nodes followed by a non-linear ReLU activation function. The second layer with one dimension is a
simple linear regression to predict the quality score.

Jinjian Wu et al.: Preprint submitted to Information Sciences Page 7 of 18



4.2. Loss function and optimization

We minimize the residuals between the predicted score Q and the corresponding ground truth Q to learn the
mapping between the distorted images and scores. Huber loss is adopted to measure the residuals. When the residuals
are small, this loss function is quadratic. On the contrary, when the residuals are large, this loss function is linear.
Moreover, it can effectively reduce the penalty for outliers. To ensure the continuity of derivatives for all degrees, we
adopt a smooth approximation of the Huber loss as loss function, which can be described as:

=\ 2
Ls(Q) =682 1+<¥> -1, (13)

where 6 is a super parameter.
During training, the gradient of the loss L;(Q) needs to be computed for backpropagation. The gradient of L;(Q)
with respect to O can be formulated as:

=\ 2
0-0
1+(%2)

We optimize the proposed model by minimizing the loss function Lgs(Q). Furthermore, our model allows end-to-
end optimization of feature extraction, hierarchical feature fusion and quality prediction.

4.3. Training and testing

During the training process, patches of size 320 X 320 are randomly selected for each image as input to the model
and the ground truth of corresponding image is assigned to these patches. The proposed model is trained iteratively
over a number of epochs using the backpropagation method. For batchwise optimization, the training set is divided into
mini-batches. In this work, we adopt the ADAM optimization algorithm to optimize model with 8 mini-batches. We
set the learning rate a to 10~ for feature aggregation network and 10~ for the other networks. All other parameters
of ADAM are set to default values. Besides, we augment the training data by randomly horizontal flipping like [23].

During testing, given an image I, we uniformly extract several patches of size 320 x 320, the final quality score Q
is predicted by simply averaging the predicted patch x; score:

N

1 14
0=— 2 F(x;Q), 5)

N &

where F(x;; Q) represents the proposed model with parameters € to predict the score of patch x;. N, is the number
of patches extracted from the image and here we set N, to 4.

5. Experimental results

5.1. Databases and protocols

Five public standard IQA databases are chosen for the analysis of experimental results. They are LIVE [32],
CSIQ [19], TID2013 [29], LIVE-MD [14] and LIVE-CH [5], where the quality of each image has been predicted
by observers and marked with the mean opinion score (MOS) or differential MOS (DMOS). Detailed information of
the five benchmark databases is listed in Table 2. The LIVE database contains 29 source reference images that are
degraded by 5 types of distortions at different levels of distortion. The CSIQ database comprises 30 source reference
images, and the distorted images are generated from these reference images degraded by 6 types of distortions under 5
levels of distortion. The TID2013 consists of 25 reference images, which are degraded by 24 types of distortions under
5 levels. The LIVE-MD contains 450 quality annotated images generated from 15 reference images degraded by two
multiple distortions, i.e., Gaussian blur followed by JPEG compression and Gaussian blur followed by white Gaussian
noise. The LIVE-CH includes 1162 images taken under real-life conditions, and these images capture a large variety
of objects and scenes that are subjected to numerous types of authentic distortions.
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Table 2
Summary of IQA databases in terms of numbers of reference images, distorted images, distortion types, subjects
and type of subjective scores.

Database Reference Images Distorted Images Distortion Types Subjects Score Type
LIVE 29 779 5 161 DMOS
TID2013 25 3000 24 971 MOS
cslQ 30 866 6 35 DMOS
LIVE-MD 15 405 3 37 DMOS
LIVE-CH N/A 1162 N/A 8100 MOS

For a comprehensive analysis, several traditional BIQA methods (which are BLIINDS-II [31], DIIVINE [27],
BRISQUE [25], NIQE [26], CORNIA [44], HOSA [41], ILNIQE [48], M3 [42] and FRIQUEE [6]) and some deep
learning-based BIQA methods (which are MEON [23], WaDIQaM [1], RANK [22], VIDGIQA [10], DIQA [17],
BIECON [16], DB-CNN [49], H-IQA [21] and BPSQM [28]) are chosen for comparison.

To verify the performance of BIQA method, two widely used metrics are adopted: the Spearman rank order cor-
relation coefficient (SROCC) and the Pearson linear correlation coefficient (PLCC).

1) Spearman Rank Order Correlation Coefficient (SROCC)

N
6% d’
i=1

SROCC=1- —=

N(N2-1) (16)

where N is the number of distorted images, d; is the rank difference between the ground-truth subjective score and the
model prediction of the i-th image.
2) Pearson Linear Correlation Coefficient (PLCC)

2 (@ = a)(d; — 4y)
PLCC = . (17)

\/Z (4; = qn)* \/Z (@; = d4m)?

where g; and §; represent the ground-truth subjective score and model prediction score, respectively.
The SROCC measures the prediction monotonicity and the PLCC represents the prediction accuracy. A larger
SROCC/PLCC value means a better IQA method that is more consistent with subjective perception.

5.2. Analysis on hierarchical degradation

According to the hierarchical perception in the HVS, visual content is perceived through features at different levels
(i.e., from local structure to global semantic). Moreover, different levels of distortion will generate individual degrada-
tion on hierarchical visual features. An example is shown in Fig. 4, where a pristine image is distorted by JPEG2000
compression at different levels. Based on Fig. 4, the impact of distortion on hierarchical features are qualitatively
analyzed.

Weak distortion slightly degrades the local edges, while has little influence on the regional contours and global
semantics. We can observe from Fig. 4(e) and (f) that local details (e.g., the edges) are slightly degraded compared to
the original image. Besides, as shown in Fig. 4(i), (j), (m) and (n), the regional contours and global semantics (i.e.,
understanding the general statue in this image) are basically intact.

With the increasing of the distortion level, as shown in Fig. 4(g), (k) and (o), in addition to local edges, the
regional contours are obviously degraded (e.g., the boundaries are deformed). However, the global semantics are
slightly degraded that has little effect on understanding the image content (i.e., we can still understand that Fig. 4(c)
contains a statue).

Strong distortion severely degrades the local edges and regional contours, and directly destroys the global seman-
tics. As can be seen in Fig. 4(e), (h), (i) and (1), the edges and boundaries of statue are severely damaged, and their
distortion degree cannot represent the perceptual quality anymore. As shown in Fig. 4(m) and (p), the global semantics
are confused, making it difficult to extract the accurate concept for image recognition.
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Figure 4: A qualitative example to analyze the impact of distortion on hierarchical features. (a) Reference image. (b)-(d)
Distorted images by JPEG2000 compression under different levels, the PSNR values of (b)-(d) are 29.9dB, 24.5dB, 20.3dB,
respectively. The second row is the visualization of local edges of the first row images extracted by local-detail subnet.
Likewise, the third and fourth rows are the visualizations of regional contours and global semantics, respectively.

In summary, distortions will generate hierarchical degradations on visual features. Moreover, different levels of
distortion generate individual degradation on hierarchical features. When images are weakly distorted, local edges are
slightly destroyed and the degradation of them can mainly reflect the perceptual quality degradation, while regional
contours and global semantics are little or no attenuation that has little effect on the perceptual quality. As the level of
distortion increases, regional contours are apparently affected, but the degradation of global semantics remains small.
The degradation on regional contours can be measured to effectively represent the perceptual quality. when the images
are strongly distorted, local edges and regional contours are so severely destroyed that their distortion degrees cannot
represent the perceptual quality anymore. Furthermore, global semantics are seriously destroyed and its distortion can
represent quality degradation.

In order to give a quantitative analysis on hierarchical degradation, the performances of the local-detail subnet,
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Table 3
Quantitative analysis of hierarchical degradation on the LIVE Database.

Distortion Crit. Local-detail subnet Regional-structure subnet Global-semantic subnet
PLCC 0.761 0.696 0.710

Subset-low SROCC 0.790 0.671 0.749
PLCC 0.796 0.829 0.795

Subset-mid SROCC 0.786 0.858 0.802
PLCC 0.780 0.784 0.915

Subset-high SROCC 0.805 0.811 0.935

Table 4

Quantitative analysis of hierarchical degradation on the TID2013 Database.

Distortion Crit. Local-detail subnet Regional-structure subnet Global-semantic subnet
PLCC 0.404 0.282 0.250

Subset-low SROCC 0.359 0.312 0.219
PLCC 0.504 0.615 0.595

Subset-mid SROCC 0.472 0.616 0.598
PLCC 0.520 0.625 0.636

Subset-high SROCC 0.595 0.664 0.685

Table 5

Quantitative analysis of hierarchical degradation on the CSIQ Database.

Distortion Crit. Local-detail subnet Regional-structure subnet Global-semantic subnet
PLCC 0.743 0.672 0.673

Subset-low SROCC 0.719 0.631 0.632
PLCC 0.715 0.755 0.717

Subset-mid SROCC 0.711 0.812 0.691
PLCC 0.762 0.678 0.819

Subset-high SROCC 0.674 0.761 0.816

regional-structure subnet and global-semantic subnet are compared on the LIVE, TID2013 and CSIQ databases. First,
we randomly select 80% of the distorted images as the training set and the remaining 20% as the testing set. Further-
more, the testing set is divided into three sub-databases according to the PSNR of the image: subset-low (the PSNR is
greater than 30dB), subset-mid (the range of PSNR is 20-30dB) and subset-high (the PSNR is less than 20dB). Then
we train all the three subnets on the training set and test on three sub-databases. The median SROCC and PLCC results
based on 10 random splits are listed in Tables 3, 4 and 5.

As can be seen, for the subset-low with weak degradation, the local-detail subnet, which focuses more on local
edges, obtains the highest SROCC/PLCC value. It demonstrates that the quality of the image can be more effectively
represented by the degradation of local edges compared to regional contours and global semantics. Similarly, for subset-
mid and subset-high, the regional-structure subnet and global-semantic subnet obtain the most excellent performance
respectively, which demonstrates that the quality of the image can be measured mainly by the degradation of regional
contours when distortion is obvious and the degradation of global semantics when distortion is strong. In summary,
different levels of distortion cause individual degradation on hierarchical features.

5.3. Performance comparison within individual databases

In this subsection, the overall performance of the proposed method is compared with other state-of-the-art BIQA
methods on the five benchmark databases. For each database, we randomly select 80% of the distorted images as the
training set and the remaining 20% as the testing set. The median SROCC and PLCC results are reported based on 20
random splits. For the compared methods, the results of these traditional BIQA methods are calculated by the source
codes downloaded from the authors’ homepage and the performances of deep learning-based methods come from the
corresponding papers. All the results are shown in Table 6. The symbol “-” in Table 6 indicates that the results of
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Table 6
Performance comparison on five benchmark IQA Databases.

DB Crit. Proposed BLIINDS-II DIIVINE BRISQUE CORNIA HOSA ILNIQE WaDIQaM RANK DIQA BIECON BPSQM
PLCC 0.963 0.920 0.923 0.942 0.943 0.949 0.865 0.963 0.982 0.977 0.960 0.963
LIVE SROCC 0.950 0.919 0.925 0.939 0.942 0.948 0.902 0.954 0.981 0.975 0.958 0.973
PLCC 0.918 0.534 0.836 0.829 0.781 0.842 0.808 - - 0.915 0.823 0.915
CsIQ SROCC 0.913 0.570 0.784 0.750 0.714 0.781 0.807 - - 0.884 0.815 0.874
PLCC 0.882 0.628 0.549 0.651 0.613 0.764 0.640 0.787 0.799 0.850 0.762 0.885
TID2013 SROCC 0.872 0.536 0.654 0.573 0.549 0.688 0.519 0.761 0.780 0.825 0.717 0.862
PLCC 0.956 0.845 0.894 0.921 0.915 0.926 0.892 - 0.936 0.942 0.933 -
LIVE-MD SROCC 0.941 0.827 0.874  0.897 0.900 0.902 0.878 - 0.921 0.939 0.909 -
PLCC 0.766 0.450 0.568  0.585 0.662 0.680 0.510 0.680 - 0.704 0.613 -
LIVE-CH SROCC 0.754 0.405 0.546 0.607 0.618 0.660 0.430 0.671 - 0.703 0.595 -
Table 7
Statistical significance test (T-test) based performance comparison.
DB BRISQUE DIIVINE FRIQUEE HOSA ILNIQE NIQE
LIVE 1 1 0 1 1 1
CsSIQ 1 1 0 1 1 1
TID2013 1 1 0 1 1 1

deep learning-based methods are not provided in the corresponding paper. And the best two results are highlighted
with boldface.

Compared with all traditional methods, as can be seen in Table 6, our method generally achieves state-of-the-art per-
formance. Especially for the TID2013 and CSIQ databases, the proposed method achieves a remarkable improvement
(SROCC increases more than 20.0% on TID2013 and 7.0% on CSIQ). Traditional methods depend on hand-crafted
features, which cannot adequately represent complex image distortions. However, our method deep learning-based can
automatically capture deeper features for degradation representation.

When compared with these deep learning-based methods, our method obtains significantly higher or slightly worse
performance than the best one. Concretely, the proposed method achieves significantly higher performance than other
competitors on CSIQ and LIVE-CH databases, and performs the best in SROCC on TID2013 and LIVE-MD databases.
For LIVE database, although our method performs a little worse than other methods, it is highly consistent with the
human subjective perception (both the SROCC and PLCC values are larger than 0.9). Most deep learning-based
methods do not adequately consider the degradations on hierarchical features. Our method considers the degradations
and correlations on hierarchical features for IQA, resulting in improved performance. In general, our method performs
consistently well on all the standard databases.

Besides, to ascertain the performance differences between the proposed method and these compared methods are
statistically significant, two sample T-test is performed on LIVE, CSIQ and TID2013 databases. The SROCC values
are used as input for T-test. The confidence level is set as 95% in our work. The comparison results of the T-test are
tabulated in Table 7, where a symbol ‘1’ (°-1°) means that the proposed method performs statistically better (worse)
than the compared method, and a symbol ‘0’ represents that their performances are statistically indistinguishable. As
can be seen, the proposed method is statistically superior to the other BIQA methods on the three IQA databases with
one exception: our method and FRIQUEE [6] performs equivalently on all three databases.

5.4. Performance comparison on individual distortions

In this subsection, performance on individual distortions is compared. The SROCC on individual distortions in
the TID2013 database is reported in Table 8, and the best results are highlighted. The proposed method achieves
the best performance on 15 of 24 distortion types. The proposed method is highly consistent with human subjective
perception (the SROCC values are close to or larger than 0.9 in most distortion types). Our method performs worse
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Table 8
Performance comparison (SROCC) on individual distortions in TID2013. The number of times (N.o.T) of
each method gets the best performance is listed on the last row.

DB BLIINDS-II  DIIVINE BRISQUE M3 MEON DB-CNN DIQA H-IQA Proposed

#1 0.714 0.756 0.711 0.766  0.813 0.790 0.915 0.923 0.944
#2 0.728 0.464 0.432 0.560 0.722 0.700 0.755  0.880 0.892
#3 0.825 0.869 0.746 0.782  0.926 0.826 0.878  0.945 0.961
#4 0.358 0.374 0.252 0.577  0.728 0.646 0.734  0.673 0.772
#5 0.852 0.794 0.842 0.900 0.911 0.879 0.939  0.955 0.883
#6 0.664 0.704 0.765 0.738  0.901 0.708 0.843  0.810 0.903
#7 0.780 0.650 0.662 0.832  0.888 0.825 0.858  0.855 0.947
#38 0.852 0.900 0.871 0.896  0.887 0.859 0.920 0.832 0.936
#9 0.754 0.814 0.612 0.709  0.797 0.865 0.788  0.957  0.943
#10 0.808 0.795 0.764 0.844  0.850 0.894 0.892 0.914 0.941
#11 0.862 0.804 0.745 0.855  0.891 0.916 0.912  0.624 0.930
#12 0.251 0.514 0.301 0.375  0.746 0.772 0.861  0.460 0.855
#13 0.755 0.892 0.748 0.718 0.716 0.773 0.812 0.782 0.878
#14 0.081 0.215 0.269 0.173  0.116 0.270 0.659 0.664  0.342
#15 0.371 0.389 0.207 0.379  0.500 0.444 0.407  0.122 0.420
#16 0.159 0.124 0.219 0.119 0.177 -0.009 0.299 0.182 0.138
#17 -0.082 0.189 -0.001 0.155  0.252 0.548 0.687 0.376 0.580
#18 0.109 0.280 0.003 -0.199 0.684 0.631 -0.151  0.156 0.132
#19 0.699 0.691 0.717 0.738  0.849 0.711 0.904  0.850 0.951
#20 0.222 0.340 0.196 0.353  0.406 0.752 0.655 0.614 0.865
#21 0.451 0.690 0.609 0.692 0.772 0.860 0.930 0.852 0.932
#22 0.815 0.769 0.831 0.908  0.857 0.833 0.936 0.911 0.970
#23 0.568 0.700 0.615 0.570  0.779 0.732 0.756  0.381 0.938
#24 0.856 0.795 0.807 0.893  0.855 0.902 0.909 0.616 0.916
N.oT 0 1 0 0 2 0 3 3 15

than other methods on #14 and #18 distortion types. For the #14 (non-eccentricity pattern noise) distortion type, it’s
probably because HVS is insensitive to it. The #18 (change of color saturation) distortion type generally does not affect
the hierarchical features defined in our work, so it cannot be measured well. In the remaining 7 types, the proposed
method achieves slightly worse or competitive performance.

5.5. Cross database evaluations

A robust BIQA method is not limited by the training database, but can be well generalized to other databases.
Therefore, we conduct cross-database experiments to compare the generalizability of our method against other BIQA
methods. Specially, the proposed method is trained on one database and tested on other databases. The results of
counterparts come from existing papers.

We first train the proposed model on the TID2013 database and test the performance on other four databases. As
can be seen in Table 9, the proposed method performs much better than the other BIQA methods on LIVE, CSIQ and
LIVE-MD databases. For the LIVE-CH, most of the BIQA methods perform extremely poor, and the proposed method
achieves a significant improvement. Table 10 lists the results of training on LIVE-MD database and testing on LIVE,
TID2013, CSIQ and LIVE-CH databases. We can observe that the proposed method achieves the best performance on
all test databases compared to other BIQA methods.

To further illustrate the generalization capability of our method, the model is trained on authentically distorted
database and tested on synthetically distorted database. This is a challenging issue because their data distributions are
different. As a result, models trained on realistic distortions fail to generalize to synthetic distortions. In this experi-
ment, our model is trained on the LIVE-CH database and tested on LIVE, TID2013, CSIQ and LIVE-MD databases.
Table 11 shows the results, and we can observe that the proposed method achieves a remarkable improvement over
other BIQA methods on all four databases.

In summary, the generalization ability of these compared methods is poor, because the extracted features may not
represent general features of image. The proposed method shows the remarkable generalization ability since the model
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Table 9
Cross database evaluation when trained on TID2013.

DB Crit. Proposed BLIINDS-II DIIVINE BRISQUE HOSA FRIQUEE WaDIQaM RANK
PLCC 0.910 0.840 0.688 0.687 0.836 0.849 0.807 0.594
LIVE SROCC 0.926 0.836 0.687 0.681 0.842 0.847 0.817 0.641
PLCC o0.810 0.661 0.661 0.494 0.698 0.722 0.750 0.399
cslQ SROCC 0.760 0.568 0.590 0.491 0.622 0.637 0.690 0.475
PLCC 0.850 0.513 0.499 0.356 0.509 0.550 0.334 0.415
LIVE-MD SROCC 0.817 0.509 0.479 0.314 0.469 0.421 0.318 0.376
PLCC 0.454 0.207 0.445 0.166 0.319 0.294 0.162 0.141
LIVE-CH SROCC 0.436 0.142 0.419 0.110 0.279 0.241 0.107 0.146
Table 10
Cross database evaluation when trained on LIVE-MD.
DB Crit. Proposed BLIINDS-II  DIIVINE BRISQUE HOSA FRIQUEE WaDIQaM
PLCC 0.901 0.703 0.580 0.610 0.737 0.758 0.507
LIVE SROCC 0.905 0.690 0.491 0.592 0.730 0.748 0.462
PLCC 0.806 0.638 0.567 0.618 0.584 0.682 0.485
CSIQ SROCC 0.737 0.522 0.473 0.477 0.453 0.582 0.449
PLCC 0.711 0.334 0.484 0.385 0.395 0.490 0.243
TID2013 SROCC 0.650 0.190 0.298 0.238 0.293 0.305 0.178
PLCC 0.498 0.254 0.445 0.230 0.508 0.414 0.321
LIVE-CH SROCC 0.457 0.203 0.415 0.168 0.443 0.324 0.292
Table 11
Cross database evaluation when trained on LIVE-CH.
DB Crit. Proposed BLIINDS-II DIVINE BRISQUE HOSA FRIQUEE
PLCC 0.860 0.465 0.414 0.452 0.469 0.530
LIVE SROCC 0.878 0.516 0.461 0.455 0.450 0.553
PLCC 0.770 0.575 0.462 0.311 0.475 0.598
csiQ SROCC 0.714 0.409 0.436 0.181 0.337 0.550
PLCC 0.688 0.441 0.468 0.465 0.482 0.508
TID2013 SROCC 0.613 0.282 0.346 0.296 0.317 0.368
PLCC 0.770 0.700 0.405 0.362 0.331 0.657
LIVE-MD SROCC 0.741 0.693 0.342 0.270 0.339 0.494

can measure the image quality more comprehensively. We measure quality degradations on hierarchical features and
approximate the hierarchical features as local-detail features (edges), regional-structure features (contours) and global-
semantic features (concepts), which can represent the general features of image. When dealing with new types of
distortion, our method achieves a better generalization ability.

5.6. Analysis on key component

Aggregation of feature: As mentioned above, we design a specific FANet to eliminate the correlation for hierar-
chical features fusion, which can calculate the correlation factor corresponding to the single-level feature. To prove
the effectiveness of FANet, we conduct the ablation experiments. A baseline version is first experimented, where the
hierarchical features are concatenated simply without considering the relationships (i.e. without-FANet). And then we
consider and eliminate the correlation to combine hierarchical features (i.e. with-FANet).

Both two models are trained on the TID2013 database and tested on LIVE, CSIQ, LIVE-MD and LIVE-CH
databases. We use the same experimental settings, such as the learning rate, etc. The results (SROCC and PLCC)
of both two models are shown in Table 12, from which we can observe that the with-FANet strategy has significantly
improved performance on all four databases compared to without-FANet. We believe the performance improvement
arises because the FANet strategy can effectively eliminate the correlations among hierarchical features for feature
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Table 12
Ablation experiment of the FANet.

FANet. Crit. LIVE CsSIQ LIVE-MD LIVE-CH
PLCC 0.880 0.720 0.800 0.272

w/o SROCC 0.866 0.683 0.756 0.238
PLCC 0.910 0.810 0.850 0.454

w SROCC 0.926 0.760 0.817 0.436

Table 13

Performance comparison when integrating the hierarchical features at different layers in single architecture.

LIVE CsIQ LIVE-MD LIVE-CH

VGG16-(2&3&5) 0.820 0.667 0.704 0.268

VGG16-(2&4&5) 0.826 0.678 0.640 0.253

VGG16-(3&4&5) 0.841 0.704 0.659 0.323

Proposed 0.926 0.760 0.817 0.436

fusion.

Interpretability of feature: In our work, we approximate the hierarchical features of image as local-detail features
(edges), regional-structure features (contours) and global-semantic features (concepts). However, different levels of
features extracted by the hierarchical structure of a single deep neural network are not explicit enough, which may not
be consistent with the hierarchical features that we describe. In consideration of this, more explicit and reasonably in-
terpretable hierarchical features are extracted by separate subnets (pre-trained for specific tasks), which can effectively
reflect the degradations on hierarchical features.

To further analyze the advantage of separate subnets, we compare the performance of hierarchical features extracted
from a single network with those extracted from our proposed model. We adopt the VGG-16 [33] as the baseline
network that has been pre-trained on ImageNet [2] for image recognition task. VGG-16 contains five convolution
blocks, and each block consists of a stack of convolutional layers and a max-pooling layer. The features extracted from
earlier blocks contain local-detail information, while those from deeper blocks contain global-semantic information.
Table 13 lists the performance (SROCC) when integrating hierarchical features extracted from different convolution
blocks. VGG16-(i&j&k) means the features of the i-th, j-th and k-th convolution blocks of VGG-16 are extracted.
All models are trained on the TID2013 database and tested on the other four databases (FANet is adopted for feature
fusion). From Table 13, we can see that the performances of VGG16-(i&j&Kk) are really poorer than that of the
proposed method. The performance improvement arises because the hierarchical features extracted from separate
subnets have reasonable interpretability, by which the hierarchical degradations can be more effectively reflected.

5.7. Ablation experiment

In this work, we combine three subnets, i.e., the local-detail subnet, regional-structure subnet and global-semantic
subnet, to extract the hierarchical features for image quality assessment. To discuss the effect of the numbers of subnets
used in the proposed framework on the overall performance, we conduct several ablation experiments. Table 14 lists
the performance when combining different numbers of subnets. The symbol ”v”” means that the corresponding subnet
is selected. All models are trained on the TID2013 database and tested on LIVE, CSIQ, LIVE-MD and LIVE-CH
databases. We use the same experimental settings, such as the learning rate, etc. We can see that when only one
subnet is used, the performance is really poor. Considering more subnets can gradually improve the performance of
quality prediction. Our proposed model considers all the subnets and obtains the best results. In the case of combining
fewer subnets, the performance reduction arises because the hierarchical features are not adequately considered and
their degradation cannot comprehensively represent the degradation of image quality. In the proposed method, we
combine all three subnets to extract hierarchical features and measure the degradations on hierarchical features to
comprehensively represent the image quality degradation.
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Table 14
Performance (SROCC) comparison of ablation experiments when combining different numbers of subnets.

local-detail subnet  regional-structure subnet  global-semantic subnet LIVE  CSIQ LIVE-MD LIVE-CH

v 0.816  0.632 0.691 0.230
v 0.834 0.660 0.673 0.233
v 0.864 0.643 0.684 0.240
v v 0.905 0.707 0.720 0.288
v v 0.894 0.714 0.735 0.263
v v 0.919 0.732 0.769 0.296
v v v 0.926 0.760 0.817 0.436
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Figure 5: Number of parameters vs. Performance (the scale of the X-axis is not linearly distributed).

5.8. Analysis on complexity

We first analyze the spatial complexity (number of parameters) of different DNN-based BIQA methods. Fig. 5
shows the parameters-performance curves of representative DNN-based BIQA methods, where the results (SROCC)
on TID2013 are adopted to illustrate the performances. Among the compared methods, the proposed method has
more parameters than other methods except RankIQA [22], but achieves state-of-the-art performance. Compared to
RankIQA, our method obtains a significantly higher performance but has fewer parameters. In our work, we use
different pre-trained subnets to extract hierarchical features, which causes a large number of parameters compared to
some methods. These subnets have been pre-trained for specific tasks to extract specific levels of features. Thus, we
can effectively optimize the entire network end-to-end by fine-tuning them with a small learning rate.

Besides, the computational complexity of proposed method is analyzed. We implement the proposed method on
NVIDIA GeForce GTX 1080 (10GB). It costs 270 seconds to run the whole TID2013 database (about 11 images per
second). The computational complexity is partly related to the number of patches sampled from the image. In our
work, we set the number of patches to 4 and the final predicted quality is the average of the qualities of the patches.

6. Conclusion

In this paper, an end-to-end BIQA framework based on hierarchical feature aggregation is proposed. Inspired
by the hierarchical perception of the HVS, visual quality degradation is described as a hierarchical process. To be
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more specific, weak distortion slightly degrades the low-level features (local details), the mid-level features (regional
structures) are obviously degraded when distortion level increases and strong distortion seriously destroys the high-
level features (global semantics). Through adopting interpretable hierarchical features, hierarchical degradation is
systematically analyzed. In addition, considering that there exist strong relationships among hierarchical features,
we have designed a FANet to eliminate the correlation for hierarchical features fusion. Experimental results on five
benchmark IQA databases have demonstrated the effectiveness and generalization capability of the proposed model.
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