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Graph-Represented Distribution Similarity Index for
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Abstract—In this paper, we propose a graph-represented image
distribution similarity (GRIDS) index for full-reference (FR) im-
age quality assessment (IQA), which can measure the perceptual
distance between distorted and reference images by assessing the
disparities between their distribution patterns under a graph-
based representation. First, we transform the input image into a
graph-based representation, which is proven to be a versatile and
effective choice for capturing visual perception features. This is
achieved through the automatic generation of a vision graph from
the given image content, leading to holistic perceptual associations
for irregular image regions. Second, to reflect the perceived image
distribution, we decompose the undirected graph into cliques
and then calculate the product of the potential functions for
the cliques to obtain the joint probability distribution of the
undirected graph. Finally, we compare the distances between the
graph feature distributions of the distorted and reference images
at different stages; thus, we combine the distortion distribution
measurements derived from different graph model depths to
determine the perceived quality of the distorted images. The
empirical results obtained from an extensive array of experiments
underscore the competitive nature of our proposed method, which
achieves performance on par with that of the state-of-the-art
methods, demonstrating its exceptional predictive accuracy and
ability to maintain consistent and monotonic behaviour in image
quality prediction tasks. The source code is publicly available at
the following website1.

Index Terms—Image quality assessment, full reference, graph
convolutional neural network, graph distribution

I. INTRODUCTION

Image quality assessment (IQA) is a fundamental computer
vision task that mimics the subjective image quality perception
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process of humans and is crucial for image compression,
enhancement, and restoration [1]–[3]. In contrast to the no-
reference method, which obtains quality results directly from
the content of an image [4]–[6], full-reference IQA (FR-
IQA) acquires quality assessment results by determining the
difference between the distorted image and the reference
image; this difference can be regarded as a measurement of
the distance between these images. However, because of the
complicated characteristics of the human visual system (HVS),
this measurement strategy is still very challenging.

Objective FR-IQA approaches are usually executed by
contrasting the pixels or patches in the distorted image with
those in the reference image. The mean squared error (MSE)
and peak signal-to-noise ratio (PSNR) have been considered
standard full-reference indices, but due to their poor cor-
relations with the subjective human perception process, the
structural similarity index measure (SSIM) [7] and its related
extensions [8]–[10], which better reflect perceptual quality,
have become more widely accepted standards in practice.
Feature engineering-based methods [11]–[13] can be divided
into two steps: local feature extraction and perceptual global
pooling techniques. Recently, numerous deep learning-based
approaches have been proposed [14], [15] to achieve the goal
of ‘consistency with human perception’ in terms of texture,
structure, brightness, contrast, etc., which are essential com-
ponents of the image content perception process implemented
by the HVS [16]. As images are conventionally represented
as pixel matrices arranged in a grid-like structure, many deep
learning-based FR-IQA methods [16]–[18] rely on pixel block-
level feature extractors, such as convolutional neural networks
(CNNs) [19], [20]. Additionally, methods employing vision
transformers (ViTs) [21]–[23] treat a two-dimensional image
as a sequence of image blocks, enabling the establishment of
rich visual relationships within the image content [24], [25].

Although many FR-IQA approaches have been recently
proposed, several persistent issues warrant attention. First, a
significant challenge lies in the fact that most methods tend
to model specific distortion types. Thus, they lack the capac-
ity to comprehensively characterize the HVS, consequently
resulting in limited generalizability. In the context of FR-
IQA, the responsiveness of a model to the distribution of
image content is indicative of its ability to perceive both
objects and distortion. Consequently, calculating the distance
and dissimilarity between the distributions of a distorted image
and its corresponding reference image serves as a means for
assessing perceptual quality. Second, many of the existing
methods often prioritize local perspectives rather than global
perspectives. The spatial characteristics within images are
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inherently nonstationary, and the influence of superimposed
noise information on the perceived visual quality is also
nonstationary. Therefore, the aggregation of spatially local
features may not consistently correspond to the overall per-
ceptual quality of the distorted image. Third, the forms of
objects in images are frequently highly irregular, making it
challenging to effectively represent their correlations using
traditional grid or sequence-like representations. These issues
collectively underscore the complexity of FR-IQA problems
and the need for novel methodologies to comprehensively
address them.

To address these problems, we present an FR-IQA method
that can indicate the perceptual quality distance between
images by determining the difference between their graph
distributions. Various factors, such as diverse lighting con-
ditions, textures, and distortions, give rise to distinct image
distributions. An image with a size of H × W obeys a
distribution with certain H×W -dimensional random variables.
Since the dimensionality of these random variables is too
high and they are not independent of each other, dimension-
ality reduction methods such as principal component analysis
(PCA) have been proposed; these methods can approximate the
original image with more important low-dimensional variables.
Our approach exploits the strong spatial correlations among
pixels by representing an image as a joint distribution of
random variables corresponding to a selection of patches in
the given image, where a graph probability model is utilized to
establish the distribution relationships between these patches.
Specifically, our method is constructed by utilizing a graph
convolutional network (GCN) variant [26]–[28] that obtains
distribution measurements over feature maps. Graph models
offer advantages over CNN models because of their flexibility
for use with irregular data and their ability to capture complex
relationships, interpretability, transfer learning, scalability, and
applicability across diverse domains. These methods excel
when addressing nongrid data, intricate connections, and mul-
timodal information. The inherent flexibility of CNN models
allows them to accommodate and mitigate distortions of vary-
ing types and severities, making them versatile choices for
image assessment tasks. Furthermore, to assess the cumulative
influence of the nonstationary spatial features and noise infor-
mation within an image on is overall visual perceptual quality,
we employ clique construction on the image graph structure
to derive the joint probability distribution of the undirected
graph. The main contributions of our study are as follows.

• We propose a hierarchical deep architecture that obtains
the feature distribution of the input image content at
multiple scales, where the images are presented as graph
representations that are more versatile and effective for
visual perception purposes. This vision graph is automat-
ically generated from the image content and can establish
holistic perceptual connections for irregular regions.

• To reflect the perceived image distribution, we decompose
the undirected graph into cliques and then calculate the
product of the potential functions for the cliques to obtain
the joint probability distribution of the undirected graph.

• We compare the regional distances between the graph

distributions of the distorted and reference images at
different stages; thus, the distortion distribution measure-
ments derived from different graph model depths are
combined to obtain the perceived visual quality of the
distorted images.

This paper is structured as follows. In section II, we discuss
the existing work related to objective FR-IQA methods and
GCNs. In section III, we present a detailed description of the
proposed FR-IQA method. The utilized experimental setups
and the results acquired on public image quality databases are
described in section IV. Finally, the conclusions are presented
in section V.

II. RELATED WORK

A. FR-IQA Methods

Feature engineering-based FR-IQA studies focus on design-
ing features that can accurately model the image quality per-
ception process of the HVS, which relies on prior knowledge
or assumptions regarding the HVS. Assuming that the HVS
is highly adaptive for extracting structural information from
visual scenes, Wang et al. [7] proposed the SSIM, which repre-
sents a landmark in the field of IQA. Subsequently, a series of
improved algorithms were proposed [8]–[10]. The multiscale
SSIM (MS-SSIM) [8] incorporates more flexibility into the
variations exhibited by observation conditions to calibrate the
parameters that are relatively important at different scales.
Wang et al. [9] proposed a wavelet domain index that measures
the magnitude and phase changes in local wavelet coefficients
caused by image distortion. The gradient-based SSIM [10],
on the other hand, was proven to be more compatible with
the HVS than the original SSIM for predicting the quality
of blurred image. Considering that image gradients can sen-
sitively reveal distortion, Xue et al. [29] proposed a gradient
magnitude similarity deviation method that utilizes the global
changes exhibited by gradient-based local quality maps to
predict overall image quality. Zhang et al. [30] introduced a
feature similarity approach that utilizes phase congruency and
gradient magnitude information as the low-level characteristics
of the HVS image interpretation process. Wang et al. [12]
combined information content weighting with the MS-SSIM
by relying on the assumption that the optimal perceptual
weight should be proportional to the local information content
to obtain a competitive perceptual quality metric. Ni et al. [31]
proposed an edge similarity index that extracts and utilizes
edge features in terms of edge contrast, edge width, and edge
orientation information; these features are combined using an
edge width aggregation strategy. Sun et al. [32] introduced
a superpixel-based image quality assessment approach that
considers luminance, chromaticity, and gradient similarities.
Tang et al. [33] proposed a method utilizing multifeature
extraction in both the spatial and frequency domains; this
approach combines gradient magnitude and phase coherence
information to characterize the distortion of a local structure.
Bae et al. [34] introduced a structural contrast quality index
that utilizes structural contrast information to characterize the
perceived local and overall quality levels of diverse features
with structural artificiality. Ahar et al. [35] performed sparse
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coding based on the Fourier transform, enabling image quality
evaluations to be performed on the basis of a correlation metric
ranked by the amplitudes of the sparse coefficients. Fu et
al. [36] described the edge information of distorted screen
content images and reference images at two different scales
using multiscale Gaussian differencing.

B. Deep Learning-Based FR-IQA Methods

Recently, data-driven deep learning-based approaches that
can spontaneously learn HVS behaviours from enormous
amounts of data have started to emerge. Kim et al. [37]
introduced a CNN-based approach that is capable of solving
for visual weights with an understanding of the available
information, and the behaviour of the HVS is obtained from
the underlying data distribution. Gao et al. [38] proposed
a deep similarity index that measures the local similarities
between features, and the global perceived quality is deter-
mined by pooling local quality indices. Bosse et al. [39]
introduced a deep architecture that jointly learns the local
quality and local weights through an overall framework. Wu
et al. [40] introduced a structure with two CNN modules
to identify the region of interest and predict the quality of
ultrasound images by evaluating the descriptions of their key
structures. By dynamically generating perceptual areas, Kim
et al. [16] introduced a method that is responsive to distortion;
their approach includes two adaptable error representation
streams and a quality ensemble that leverages visual acuity.
Ma et al. [41] proposed an end-to-end IQA structure that
exhibits intrinsic invariance to geometric distortions to directly
predict image quality. To evaluate the quality of an image
compromised by distortions generated from various image
processing algorithms, Ahn et al. [42] proposed a method that
encodes distortion types and thus predicts distortion sensitivity.
Sim et al. [43] proposed the mean and deviation of deep
and local similarity, where the mean and deviation pooling
operations were adopted to aggregate the local quality of the
similarity map obtained from CNN features. Zhang et al. [44]
classified screen content images into distinct regions in a fuzzy
manner, and the predicted quality was determined by a quality
degradation model with an edge structure, quality fusion, and
region size adaptation.

C. Graph Neural Networks

GCNs, which are initially proposed by Bruna et al. [45],
are common convolutional techniques in deep learning that
are applied to data with graph structures. GCNs demonstrate
strong expression capabilities in terms of learning graph rep-
resentations, achieving excellent performance across various
tasks and applications. Currently, GCNs are predominantly
used to address data problems in non-Euclidean space and
explore the potential relationships among data. With the con-
tinuous development of GCNs, they have been applied in
diverse fields, such as recommendation systems [46], [47],
natural language processing [48], [49], and computer vision
[50], [51]. GCNs are primarily applied in computer vision
for processing point cloud (PC) data because they excel at
handling inherent graphical structure information [51], [52].

Recently, efforts have been dedicated to employing GCNs
for solving tasks such as image classification [53], object
detection [50], and semantic segmentation [52]. However, the
challenge of employing a GCN for image quality assessment
lies in the effective utilization of the non-Euclidean structures
that are present in Euclidean space data, particularly in cases
involving two-dimensional images, to derive efficient quality
representations.

Distinct from the previously developed deep learning-based
IQA methods, the proposed graph-represented image distribu-
tion similarity (GRIDS) method is in line with the available
statistics-based models for visual images and the efficient
coding hypothesis for neurons [54]. From the above two
perspectives, a distortion in an image interferes with the
natural distribution pattern of the original image, leading to
perceptual variations in the distortions imposed on different
contents. Our method predicts the fundamental phenomenon
regarding the strong spatial correlations among pixels, and by
modelling the perceptual distribution of an image as a graph
probability model, the implicit relationships between image
contents can be revealed while establishing an overall joint
perceptual connection, which is intrinsically aligned with the
perception of image distortion by humans.

III. METHOD

A. Framework

The objective of our approach is to map the local character-
istics of the reference and distorted images, namely, Iref and
Idis, respectively, to a perceptual global construct. The frame-
work of our approach is presented in Figure 1, and it comprises
three main operations: graph construction, graph encoding,
and graph distribution measurement. The graph distribution
measurement process consists of two key components: the
construction of cliques for graph distribution representation
and the subsequent perceptual distance measurement step.
Notably, the network parameters that govern the processing of
both the reference and distorted images are shared, ensuring a
consistent and unified processing approach across both images.
Before beginning the initial stage of our graph distribution-
based GCN encoder, the input images are processed through
a series of CNN layers. This approach not only enhances
the feature dimensionality but also downsamples the input
dimensions. Furthermore, the downsampling operation is im-
plemented at the concluding block of each stage for effectively
extracting features and performing dimensionality reduction.
This process facilitates a comprehensive analysis of the image
features that are present at various scales and regions, con-
tributing to a nuanced understanding of the perceptual quality
of the given images.

Image graph construction. The aim of graph construction
is to establish perceptual relationships between the contents
of different areas in an image. Since certain correlations exist
among the contents of an image, the reference image Iref
and distorted image Idis with widths and heights of H and
W , respectively, are cropped into several patches via a series
of convolution operations. For each image, we construct an
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Fig. 1. Illustration of the proposed method. The input reference and distorted images undergo multiple network stages, each with two branches: one branch
involves graph construction, graph convolution encoding, graph deconstruction, skip connections, and MLP layers; the other branch includes the graph clique
construction process and the graph distribution measurement procedure.

undirected graph model G to describe the connections between
them, and this model can be expressed as

G = {V,E}, (1)

where V represents the set of vertices and E represents the
set of edges. The relevance of these patches, or vertices, is
described by the edge weights of the graph. More specifically,
we build an adjacency matrix A for all vertices of an image,
where the value of aij in A denotes the degree of correlation
between vertices i and j. To preserve the position information
of these vertices when constructing the graph, relative position
encoding is incorporated into the adjacency matrix.

The graphical representation of an image, specifically its
adjacency matrix, is not static but rather dynamically changes.
Before each graph convolution operation, the graph represen-
tation of the image is reconstructed to capture finer-grained in-
formation. After each graph convolution operation, the graph-
ical representation of the image is subsequently transformed
back into a grid matrix representation. This transformation
is succeeded via the application of a multilayer perceptron
(MLP) for extracting additional features.

Our approach involves gradually reducing the initial high-
resolution image in a stagewise manner, collectively con-

structing a hierarchical structure, as depicted in Figure 2.
To elaborate further, each stage is composed of a series of
blocks incorporating graph convolutions and MLPs. In the
final block of each stage, a downsampling operation is used to
connect spatially adjacent 2×2 patches, effectively expanding
the receptive field of the network. To decrease the spatial
dimensions of the given image while retaining its crucial visual
details, we employ convolution kernels with sizes of 3 × 3
and strides of 2 × 2 during the downsampling process. This
procedure enables the creation of new adjacency matrices with
vertices representing the image patches at different scales in
each stage.

Graph encoding. In each stage, a series of GCN encoders
are employed to extract the features of the constructed graph.
Akin to CNNs, GCNs extract rich features from each vertex
and its neighbours; however, they differ in that the convolution
in GCNs is implemented by an aggregation operation:

f
(l+1)
i = ϕ(l)(f

(l)
i , f

(l)
j ;Wi,Wj | j ∈ N (l)(i)), (2)

where f (l)i and f (l)j represent the features of vertices i and j
at the lth layer, respectively, Wi and Wj denote the weight
matrices, N (l)(i) indicates the neighbouring vertices of vertex



5

Fig. 2. Illustration of the hierarchical distance measurement strategy. Our approach reduces the initial high-resolution image in a stepwise manner, resulting
in a hierarchical structure. The input reference and distorted images in each network stage acquire a feature vector representing the graph distribution. During
each stage, a distance measurement method is employed to quantify the distribution differences between the reference and distorted images, culminating in a
global graph-based similarity index.

i, and ϕ(l)(·) indicates the aggregation function. Specifically,
we employ the max-relative GraphConv [27] method for
aggregating neighbourhood relative features, which can be
formulated as follows:

f
(l+1)
i = max(f

(l)
i − f

(l)
j | j ∈ N (l)(i)). (3)

Subsequently, the features output by this layer are concate-
nated with f

(l)
i , after which they are passed through the

MLP layers to obtain the corresponding aggregated features.
These features are combined with skip connections. After the
aggregation process, the updated feature of each vertex reflects
the superimposed value of that vertex and its surroundings.

The graph G updates after all vertices are aggregated once,
which can be formulated as

G(l+1) = F(G(l),W(l)), (4)

where G(l) and G(l+1) denote the graphical representations at
the lth and l+1th layers, respectively, W(l) reflects the weight
matrix of G(l), and F(·) denotes the progress of the update
strategy.

The graph encoding network provides rich image feature
representations, as illustrated in Figure 3. Compared to the
feature maps of the original image, the feature maps of the
distorted images effectively reflect the distortion information
of the image. For example, in a case with an image possessing
additive Gaussian noise, its feature map exhibits more high-
frequency noise points, whereas for an image with Gaussian
blur, the feature map shows a higher prevalence of low-
frequency distributions. These maps underscore the efficacy
of our GNN with respect to capturing distortion features.

Graph distribution measurement To determine the per-
ceptual distance between the reference image and the dis-
torted image, a graph distribution measurement scheme is
implemented to evaluate the distribution distance between the
multiscale graph structures of images. Our approach can be
divided into two steps: graph distribution representation and
perceptual distance measurement. After executing feature ex-
traction using GCNs, we transform the graph feature maps into
graph distributions. This conversion enables a more detailed
understanding of the feature distribution across various scales
and regions within the image. This fine-grained information is
of utmost importance for image quality assessment tasks, as it
aids in capturing subtle perceptual characteristics, ultimately
resulting in more precise quality predictions. Essentially, this
process can be viewed as mapping the original features to
a higher-level abstract representation, thereby enhancing the
perceptual quality estimation step. Moreover, the establishment
of cliques is pivotal because it enables the segmentation of an
undirected graph into locally connected components, resulting
in a concise and interpretable representation of the image
content distribution, which is a critical factor for precisely as-
sessing quality. The visual representation in Figure 4 illustrates
the connectivity of a graph under various scenes, confirming
that the obtained graph structure and clusters can effectively
aggregate similar patches in the corresponding image. This ap-
proach establishes a comprehensive perceptual relationship for
the assessing the quality of different regions. Subsequently, we
quantitatively inscribe the correlations between the variables
in the parameter set (all patches of an image) and construct
this set as a potential function E(x). The joint probability
distribution of the undirected graph can be expressed as the
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(a) Raw image (b) CNN feature (c) GCN feature (d) Raw image (e) CNN feature (f) GCN feature

(g) Raw image (h) CNN feature (i) GCN feature (j) Raw image (k) CNN feature (l) GCN feature

(m) Raw image (n) CNN feature (o) GCN feature (p) Raw image (q) CNN feature (r) GCN feature

Fig. 3. Feature maps of images with different distortions. The raw images serve as the inputs for our approach, while the CNN feature maps represent the
outputs obtained from the initial stage of our network, where dimensionality reduction is performed using a CNN. The GCN feature maps are the outputs of
stage 1 after the graph construction and graph encoding processes are completed in our method. These feature maps are rescaled, and graph constructions
are generated in the corresponding original positions. (a)-(c): Reference images. (d)-(f): Images with additive Gaussian noise distortion. (g)-(i): Images with
Gaussian blur distortion. (j)-(l): Images with chromatic aberration distortion. (m)-(o): Images with JPEG compression distortion. (p)-(r): Images with changes
in colour saturation.

product of the potential functions for the cliques decomposed
from the graph. Hence, we compare the distribution differences
between the reference and distorted images, and since such
discrepancies are present in all phases of the model, we use a
uniform metric to measure the distance between them.

B. Graph Distribution Representation

In the context of a graph G, we introduce the random vari-
ables associated with the vertices in V as X = x1, x2, · · · , xB .
Among them, each xi corresponds to a specific block, sig-
nifying the label attributed to that block, and B denotes the
total number of blocks within each image. Given that adjacent
pixels exhibit noncausal interactions, we construct correlations
through an undirected graph representation-based probability
model. The inclusion of a graph distribution representation
in our methodology holds significant value, as it enables the
capture of intricate relationships and the establishment of
holistic perceptual connections, particularly for the irregular
regions within an image. This capability further facilitates the
integration of both semantic- and distortion-related informa-
tion. To elucidate this process, we begin by decomposing the
undirected graph into cliques. Subsequently, we calculate the
product of the potential functions associated with these cliques.
This step results in the formulation of a joint probabilistic
graphical model for the undirected graph, as follows:

P (X) =
1

Z

∏
Q∈S

eE(xQ), (5)

where e is the natural constant, S denotes the set of all cliques,
Q is one of the cliques in S, and Z denotes the partition
function that normalizes the characters:

Z =
∑
x

∏
Q∈S

eE(xQ), (6)

and E(·) represents the potential function:

E(xQ) =
∑
i∈Q

ψ1(xi) +
∑
i,j∈Q

ψ2(xi, xj), (7)

where the univariate part ψ1(xi) measures the cost of the
block i that takes the label xi, and the bivariate component
ψ2(xi, xj) measures the cost of simultaneously assigning the
labels xi and xj to the pixel blocks i and j, respectively.

The function ψ2(xi, xj) can be expressed as the product of
two factors:

ψ2(xi, xj) = ρ(xi, xj) · ξ(fi, fj), (8)

where fi represents the feature vector of block i. The function
ρ(·) captures the relationships between different distribution
pairs that assign penalties accordingly when different tags are
assigned to blocks i and j with similar properties, and ξ(fi, fj)
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(a) (b) (c)

Fig. 4. Graph connection visualization. (a) Original image. (b) Graph
connections of the second stage. (c) Graph connections of the third stage. To
yield a more explicit representation, we distinguish the connections of partial
nodes with different colours, where the opaque node is the centre point.

computes the variability among the original features. Inspired
by the formulation of the SSIM, we measure the variability in
terms of the mean, standard deviation and covariance of each
corresponding pair:

ξ(fi, fj) = 1− (2µiµj + τ1)(2δij + τ2)

(µ2
iµ

2
j + τ1)(δ2i δ

2
j + τ2)

, (9)

where µi, µj , δi, δj and δij represent the global means and
standard deviations of blocks i and j, respectively, as well as
their covariance. Additionally, τ1 and τ2 are constants utilized
to prevent the denominator from being 0. The predicted
distribution can be formulated as follows:

P (X) =
1

Z

∏
Q∈S

eE(xQ)

=
1

Z
e
∑

Q∈S E(xQ)

=
1

Z
e
∑

Q∈S(
∑

i∈Q ψ1(xi)+
∑

i,j∈Q ψ2(xi,xj)).

(10)

C. Perceptual Distance Measurement

As shown in Figure 2, the proposed perceptual distance
measurement scheme is utilized in all stages of our network,
from shallow to deep. We use the hierarchical network to com-
pute the graph encoding as well as the distribution, where the
distance measurement is utilized to measure the distribution
variations between the reference image Iref and the distorted
image Idis:

d(Iref , Idis) =
1√
2
||√pref −

√
pdis||2, (11)

Algorithm 1: Graph-represented image distribution
similarity index
Input: the reference image Iref and distorted image

Idis with sizes of H ×W
Output: the predicted quality score

1 Let M represent the number of stages and Nm denote
the number of encoder blocks at stage m

2 for m = 1 to M do
3 for n = 1 to Nm do
4 Transform images Inref and Indis into graphs

Gnref and Gndis
5 Perform graph feature encoding via Eq. (4)
6 Decompose the undirected graph into cliques
7 Calculate the graph distribution via Eq. (5)
8 Measure the feature distribution distance via

Eq. (11)
9 Deconstruct graphs Gnref and Gndis

10 Process through the MLP layers
11 end
12 Downsample through convolution operations
13 end
14 Obtain the predicted image quality level via Eq. (12)
15 return quality score

where pref and pdis denote the graph distribution represen-
tations of Iref and Idis, respectively. Thus, our proposed
method combines the distribution measurements acquired from
M different model stages:

D(Iref , Idis) = 1− 1

M

M∑
i=1

di(pref , pdis). (12)

In practice, we minimize the error between the predictions and
the ground truths for quality assessment purposes; thus, our
loss function is defined as follows:

L = |D(Iref , Idis),Mos(Idis)|, (13)

where Mos(·) indicates the ground truth of the mean opinion
score (MOS).

The algorithmic procedure of our method can be expressed
as Algorithm 1. To clarify the entire algorithmic process, we
organize the formula symbols in the text and present them
in Table I for reference. During the process, first, the images
Iref and Idis with sizes of H ×W are separately processed
into patches with the same scale, and the patches of each
image compose graphs according to their spatial locations and
content similarity; these graphs are denoted as Gref and Gdis,
respectively. Next, we employ graph encoders to extract the
image features represented by each graph. The graph structure
features are then reconstructed into a two-dimensional matrix,
and the feature representations are enriched by residual con-
catenation and MLP operations with downsampling in each
stage to reduce the required computational effort. Simultane-
ously, the graph features encountered during this process are
utilized for computing the distribution, as they encapsulate
more information about the image content. Specifically, we
decompose each graph into cliques, where the distribution
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TABLE I
SUMMARY OF THE UTILIZED NOTATIONS.

Symbol Description Symbol Description

Iref and Idis Reference image and distorted image H , W and C Image height, width and number of channels
V and E Vertices and edges G Graph consisting of V and E

A Adjacency matrix i and j Vertex index
aij Adjacency value of vertices i and j in A l Layer index
f
(l)
i Features of vertex i in the lth layer W Weight matrix

N (l)(i) Neighbour vertices of vertex i in the lth layer F(·) Update progress of G
ϕ(l)(·) Aggregation function E(·) Potential function
X Random variable xi Label attributed to block i

B Number of image blocks S Set of all cliques
Q Clique in S Z Partition function
M Number of stages Nm Number of encoder blocks in stage m

Mos Mean opinion score τ1 and τ2 Constants
pref and pdis Graph distribution representations of Iref and Idis K Number of neighbours

of the entire graph can be expressed as the product of the
normalized potential functions for the cliques. Finally, we
compare the distances between the graph distributions of the
reference and distorted images at different stages; thus, the
distortion distribution measurements derived from different
graph model depths are integrated to derive the perceived
visual quality of the images. This comprehensive approach
leverages graph-based representation, feature extraction, dis-
tribution measurement, and distance comparison to effectively
assess image quality.

Notably, although some methods [55], [56] incorporate
graph algorithms into quality assessment tasks, they mainly
focus on assessing the quality of PC images rather than 2-
dimensional images. In contrast, inspired by sequence-based
techniques such as transformers (e.g., the ViT [24]), we adopt
a different approach. We divide each image into patches with
equal scales. The introduced graph structures serve the purpose
of establishing connections between the contents of various
regions within an image. This approach provides a unique
image representation framework tailored to IQA challenges.

IV. EXPERIMENTAL RESULTS

A. Experimental Settings

Implementation details. The complete network is opti-
mized in an end-to-end manner by minimizing the discrepancy
between the predicted values and the MOS. Our optimization
strategy employs the weighted adaptive moment estimation
(AdamW) [71] optimizer with a learning rate set to 0.0001, a
weight decay rate of 0.05, and a path dropping rate of 0.3.
Furthermore, we incorporate a warmup initialization phase
followed by a cosine annealing-based learning rate schedule.
In the training process, we maintain a batch size of 64 and
continue training for a total of 200 epochs. To ensure fair
comparisons, all experiments involving the compared methods
are conducted on the same computational platform 2. The

2PyTorch is used on a system with an Intel Core i9-10900 central processing
unit (CPU), a 24-GB NVIDIA RTX3090 graphics processing unit (GPU) and
64 GB of random access memory (RAM).

design of our model employs a specific number of blocks
in each stage, with the block count set as [2, 2, 6, 2];
these blocks are accompanied by channel sizes of [80, 160,
400, 640]. The number of neighbours, denoted as K, is
set to 9. During the experimental phase, we normalize the
MOS values for each database to align with their respective
label ranges. This standardization process aids in achieving
improved performance and facilitates equitable comparisons
among different datasets.

Compared methods. In our study, we compare several
representative and state-of-the-art methods, which encompass
both feature engineering-based methods and deep learning-
based methods, including the PSNR, SSIM [7], MS-SSIM
[8], complex wavelet-SSIM (CW-SSIM) [72], visual saliency-
based index (VSI) [64], most apparent distortion (MAD)
[58], visual information fidelity (VIF) [63] criterion, feature
similarity (FSIM) [30], gradient magnitude similarity deviation
(GMSD) [29], structural contrast quality index (SCQI) [34],
normalized Laplacian pyramid (NLPD) [65], DeepFL-IQA
[66], DeepQA [67], weighted-average deep image quality
measure (WaDIQaM) [39], perceptual image error assessment
through pairwise preference (PieAPP) [14], just-noticeable-
difference saliency channel attention residual (JND-SalCAR)
model [68], learned perceptual image patch similarity (LPIPS)
[73], deep image structure and texture similarity [17], con-
ditional knowledge distillation network [74], image quality
transformer (IQT) [21], attention-based hybrid image qual-
ity assessment network (AHIQ) [69], unifying dual-attention
and Siamese transformer network (UniDASTN) [18] and
joint semisupervised and positive unlabelled learning method
(JSPL) [23]. To assess the effectiveness of these methods,
we rely on the Pearson linear correlation coefficient (PLCC)
and the Spearman rank correlation coefficient (SRCC) as the
primary performance metrics. The PLCC quantifies prediction
accuracy, while the SRCC measures monotonicity by assessing
the rank correlation between the predicted scores and the labels
derived from the corresponding MOSs.

Database. Six benchmark IQA databases are utilized to
verify the validity of our method: the laboratory for image &
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TABLE II
SUMMARY OF THE SIX UTILIZED IMAGE QUALITY DATABASES.

Dataset LIVE [57] CSIQ [58] TID2008 [59] TID2013 [60] KADID-10k [61] PIPAL [62]

Reference images 29 30 25 25 81 250

Distorted images 779 866 1,700 3,000 10,125 25,850

Distortion types 5 6 17 24 25 40

Image resolution - 512 × 512 512 × 384 512 × 384 512 × 384 288 × 288

Score range [0, 100] [0, 1] [0, 9] [0, 9] [1, 5] [868, 1857]

TABLE III
RESULTS OF A PERFORMANCE COMPARISON CONDUCTED ON FIVE BENCHMARK DATASETS.

Method
LIVE [57] CSIQ [58] TID2008 [59] TID2013 [60] KADID-10k [61]

PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC

PSNR 0.791 0.807 0.781 0.801 0.507 0.524 0.663 0.686 0.667 0.672
SSIM [7] 0.847 0.851 0.819 0.832 0.625 0.624 0.665 0.627 0.780 0.778

MS-SSIM [8] 0.886 0.903 0.864 0.879 0.841 0.853 0.785 0.729 0.835 0.834
VIF [63] 0.948 0.952 0.898 0.899 0.798 0.749 0.771 0.677 0.676 0.669

MAD [58] 0.904 0.907 0.934 0.932 0.814 0.833 0.803 0.773 0.829 0.827
FSIM [30] 0.910 0.920 0.902 0.915 0.874 0.883 0.876 0.851 0.850 0.850
VSI [64] 0.877 0.899 0.912 0.928 0.871 0.895 0.898 0.894 0.875 0.876

GMSD [29] 0.909 0.910 0.938 0.939 0.878 0.890 0.858 0.804 0.847 0.846
NLPD [65] 0.882 0.889 0.913 0.925 0.865 0.877 0.832 0.799 0.819 0.820
SCQI [34] 0.937 0.948 0.927 0.943 0.895 0.908 0.907 0.905 0.853 0.854

DeepFL-IQA [66] 0.978 0.972 0.946 0.930 0.875 0.867 0.876 0.858 0.938 0.936
DeepQA [67] 0.982 0.981 0.965 0.961 0.951 0.947 0.947 0.939 0.910 0.912

WaDIQaM-FR [39] 0.980 0.970 0.967 0.962 0.953 0.945 0.946 0.940 0.935 0.931
PieAPP [14] 0.986 0.977 0.975 0.973 0.956 0.951 0.946 0.945 0.832 0.830

JND-SalCAR [68] 0.987 0.984 0.977 0.976 0.957 0.956 0.956 0.949 0.960 0.959
AHIQ [69] 0.989 0.984 0.978 0.975 0.964 0.957 0.968 0.962 0.958 0.961

VTAMIQ [70] 0.984 0.982 0.982 0.979 0.951 0.948 0.954 0.950 0.964 0.963
JSPL [23] 0.980 0.983 0.977 0.970 0.948 0.950 0.940 0.949 0.961 0.963

GRIDS (ours) 0.988 0.986 0.979 0.976 0.961 0.954 0.959 0.953 0.967 0.965

Performance comparison between the results obtained by our method and the state-of-the-art methods on five benchmark datasets. In each
column, the best, second-best and third-best results are highlighted in red, green and blue, respectively.

video engineering (LIVE) image quality assessment database
[57], the categorical subjective image quality (CSIQ) database
[58], the 2008 Tampere image database (TID2008) [59], the
2013 Tampere image database (TID2013) [60], the Konstanz
artificially distorted image quality database (KADID-10k) [61]
and the perceptual image processing algorithm dataset (PIPAL)
[62]. These databases contain various types of distortions,
along with varying numbers of reference and distorted images,
as summarized in Table II.Since the ground truths of these
databases are inconsistent regarding the ranges of their MOS
values, a linear normalization function is utilized to preprocess
these labels to be within the same interval. In addition, a four-
parameter regression function is utilized before calculating the
PLCCs and visualizing the prediction scores; this regression

equation is formulated as follows:

γ̂ =
α1 − α2

1 + e−(γ−α3)/|α4| + α2
, (14)

where γ and γ̂ represent the original input and the output
obtained after the regression process, respectively, and α1,··· ,4
are the regression parameters.

B. Performance Comparison

Overall performance evaluation. Performance comparison
experiments are conducted on six IQA databases, i.e., LIVE,
CSIQ, TID2008, TID2013, KADID-10k and PIPAL, which are
divided into training, validation, and testing parts in terms of
the reference images. The three components of each dataset
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TABLE IV
RESULTS OF A PERFORMANCE COMPARISON CONDUCTED ON THE PIPAL

DATASET.

Method
PIPAL Validation [62]

PLCC SRCC

PSNR 0.289 0.255
SSIM [7] 0.409 0.363

MS-SSIM [8] 0.566 0.491
VIF [63] 0.572 0.503

MAD [58] 0.702 0.649
FSIM [30] 0.562 0.468
VSI [64] 0.515 0.450

GMSD [29] 0.656 0.585
NLPD [65] 0.558 0.370

LPIPS-Alex [73] 0.606 0.569
LPIPS-VGG [73] 0.611 0.551

PieAPP [14] 0.696 0.704
DISTS [17] 0.634 0.608

IQT [21] 0.840 0.820
AHIQ [69] 0.845 0.835

UniDASTN [18] 0.831 0.829

GRIDS (ours) 0.838 0.831

Performance comparison between the results obtained by our
method and the state-of-the-art methods on the PIPAL dataset.
In each column, the best, second-best and third-best results are
highlighted in red, green and blue, respectively.

do not overlap with each other, and the best model determined
during an experiment is selected based on the results obtained
on the validation set. For the LIVE database, 29 reference
images are divided into three sets of [17, 6, 6] images for
training, validation, and testing; the CSIQ images are split into
[20, 5, 5] images; the TID2008 and TID2013 images are both
divided into [15, 5, 5] images; and the KADID-10k database
is divided into three sets of [59, 16, 16] images. In particular,
we adhere to the official partitioning protocol of the PIPAL
dataset, delineating it into designated training, validation, and
test subsets. Due to the closure of the competition channel, the
ground-truth labels for the test subset are inaccessible. Hence,
we rely upon the results obtained from the validation subset
for assessing our approach and evaluating all the compared
methodologies. The training-free methods are directly tested
on each entire database. The experimental results are presented
in Table III and Table IV, where the compared methods
share a common data partitioning scheme with that used
by our approach in the training phase. It can be affirmed
that our method achieves commendable performance on the
experimental benchmark databases, showing its competitive
results in terms of both the PLCC and SRCC. By capturing
the complex dependencies and interactions between different
regions of an image, the proposed method excels at under-

TABLE V
CROSS-DATABASE PERFORMANCE COMPARISON.

Method
LIVE [57] CSIQ [58] TID2013 [60]

PLCC SRCC PLCC SRCC PLCC SRCC

WaDIQaM [39] 0.940 0.947 0.901 0.909 0.834 0.831
PieAPP [14] 0.908 0.919 0.877 0.892 0.859 0.876
LPIPS [73] 0.934 0.932 0.896 0.876 0.749 0.670
DISTS [17] 0.954 0.954 0.928 0.929 0.855 0.830

GRIDS (ours) 0.956 0.954 0.943 0.942 0.868 0.861

Cross-database comparison results obtained when training on the
entire KADID-10k database.

standing spatial context information, effectively discerning
the influences of semantic content and distortion patterns.
Moreover, the incorporation of hierarchical distance measure-
ments enables a more comprehensive and refined image quality
analysis. This multiscale approach enables our method to
adapt to comprehensive perception variations and integrate
information at various levels, providing a holistic assessment
of the perceived quality.

Cross-database performance evaluation. We conduct
cross-database experiments to evaluate the generalizability of
our model in comparison with that of other deep learning-
based methods. Given the variations in the sizes of the
employed databases, all the compared methods are trained
on the comprehensive KADID-10k dataset and subsequently
evaluated on distinct databases, including LIVE, CSIQ, and
TID2013. The results, as presented in Table V, highlight
the exceptional generalization performance of our method,
demonstrating its ability to deliver accurate predictions when
confronted with previously unseen images. These results em-
phasize the robustness of the proposed model and its ability
to extend its predictive capabilities to diverse datasets.

Evaluation of different distortion subtypes. To further
evaluate the performance of our method on different distortion
types, we compare the results obtained for traditional distor-
tions and those caused by image processing algorithms, where
our method is trained on the entire KADID-10k database for
50 epochs. Figure 5 shows scatter plots of the model prediction
results yielded by the representative methods versus the MOSs
of the TID2013 database with respect to different distortion
subtypes. Our approach exhibits consistent and commendable
predictive performance across various distortion subtypes. The
ability to produce accurate predictions for different forms of
distortion, such as compression artefacts, noise, and blurring,
underscores the versatility of the proposed method and its
capacity to capture and assess perceptual quality under diverse
conditions.

Furthermore, by scrutinizing the specific distortion sub-
types, we can identify the strengths and potential areas for
improvement exhibited by our method. For instance, the
proposed method excels at handling complex image distortions
associated with noise and content. Distortions such as high-
frequency noise, joint photographic experts group (JPEG)
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(a) PSNR (b) SSIM (c) MS-SSIM (d) CW-SSIM

(e) MAD (f) VIF (g) FSIM (h) VSI

(i) NLPD (j) GMSD (k) PieAPP (l) LPIPS

(m) DISTS (n) CKDN (o) AHIQ (p) GRIDS (ours)

Fig. 5. Scatter plots of the prediction results obtained for the different distortion subtypes in the TID2013 database. Areas with inconsistent predicted scores
and densely packed dots are enlarged (as in the red box). Among the compared methods, the values of the lower-better methods are reversed before the
regression step.

compression distortion, and colour saturation variations may
present challenges for some methods, while our approach ef-
fectively addresses these issues. The distribution-based metric
aptly reflects the differences between the presence and absence
of noise as well as the variations caused by colour saturation

changes. The graph representation establishes connections
between different content regions, which is particularly benefi-
cial for content-based JPEG compression distortion. However,
the performance achieved by our method under chromatic
aberration distortion is not satisfactory. This can be attributed
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TABLE VI
PERFORMANCE COMPARISON RESULTS OF THE ABLATION EXPERIMENTS.

Method LIVE [57] CSIQ [58] TID2013 [60]

CC HD JSD PLCC SRCC PLCC SRCC PLCC SRCC

" " % 0.956 0.953 0.943 0.942 0.868 0.861
" % " 0.951 0.949 0.935 0.933 0.857 0.852
% " % 0.938 0.935 0.923 0.921 0.845 0.839
% % " 0.934 0.932 0.917 0.916 0.841 0.833

Ablation experiments are performed after training on KADID-
10K. CC designates clique construction. HD and JSD denote the
Hellinger distance and Jensen-Shannon divergence, respectively.

TABLE VII
COMPARISON AMONG THE RESULTS OBTAINED WITH DIFFERENT

NUMBERS OF NEIGHBOURS.

Neighbours 6 9 12 15

PLCC/SRCC 0.934/0.933 0.943/0.942 0.941/0.941 0.936/0.935

Experiments are conducted on the CSIQ database after training
on KADID-10K.

to the spatial flexibility of our graph model compared to
that of CNNs, which can automatically acquire contextual
knowledge about the surrounding space. However, our graph-
based model requires more specific training data to achieve
optimal performance. This may represent a potential limitation
of our approach.

In conclusion, the comprehensive analysis reveals that our
method effectively leverages its graph-based architecture to
capture the intricate relationships and dependencies within
images, enabling it to adapt to various distortion subtypes.
The ability to provide consistent and reliable predictions across
diverse image degradation scenarios signifies the potential for
using the proposed method in practical applications, where
images may exhibit complex combinations of distortions.

C. Ablation Study and Parameter Analysis

Impact of clique construction and distribution measure-
ment. We perform ablation experiments to rigorously assess
the effectiveness of our graph-based distribution measurement
index. Specifically, within our experimental setup, CC de-
scribes the application of clique construction operations on
a graph, which is a key component of our method. Con-
versely, the feature maps devoid of clique construction undergo
direct comparisons on the original graph. To evaluate the
distribution distance between different features, we employ
two well-established metrics: the Hellinger distance (HD)
and Jensen-Shannon divergence (JSD). We train our model
on the KADID-10K database and test it on other databases
using different combinations of the abovementioned metrics
without modifying the network module. The detailed results
are reported in Table VI. Notably, the outcomes consistently
underscore the superiority of our graph-based approach, partic-

(a) front (b) left (c) rear (d) right

(e) top

(f) bottom

Fig. 6. Example representations of the six viewing perspectives for PC
images.

ularly when clique construction is employed. The inclusion of
clique construction reveals its significant advantages in terms
of capturing intricate semantic and distortion information, en-
hancing the robustness and effectiveness of our method across
various scenarios. These findings reaffirm its generalizability
and its potential to significantly enhance distribution-based
measurement techniques in image analysis scenarios.

Number of neighbours. The number of neighbours, de-
noted as K, is a crucial hyperparameter that shapes the
structure of a graph-represented image. This hyperparameter
influences the capacity to exchange information and the sizes
of the constructed cliques. In our experiments, we conduct
trials with K values ranging from 6 to 15, while the other
modules and loss functions remain unchanged. The results
obtained after training on the KADID-10K dataset and testing
on the CSIQ dataset are presented in Table VII. The findings
indicate that our method excels at completing image quality
tasks when the number of neighbours falls within the range
of 9 to 12. An excessive number of neighbours may lead to
significant oversmoothing, while overly sparse selections may
cause a decline in network performance.

D. Point Cloud Quality Assessment

In this section, we conduct experiments to explore the
applicability of our graph-based approach in point cloud
quality assessment (PCQA) tasks [79], [81], [83], [85]. With
their distinctive attributes and challenges, PC data provide a
compelling domain for evaluating our methodology. Impor-
tantly, due to the substantial disparities between PC and 2-
dimensional (2D) image data, we employ a projection pre-
processing step for the PC images. Specifically, we project
the data of three-dimensional PC images onto six fixed view-
ing perspectives, resulting in six two-dimensional images, as
shown in Figure 6. These images are resized and subsequently
used as inputs for our model. Quality predictions are obtained
by assessing the dissimilarity between the reference and dis-
torted images across these multiple projected perspectives. The
final predicted PC image quality is computed as the average
quality across these six image perspectives.
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TABLE VIII
RESULTS OF A PERFORMANCE COMPARISON CONDUCTED AMONG

DIFFERENT PCQA METHODS ON THE POINT CLOUD QUALITY DATASETS.

Method
SJTU-PCQA [75] WPC [76]

PLCC SRCC PLCC SRCC

NIQE [77] 0.376 0.221 0.396 0.389
BRISQUE [78] 0.224 0.205 0.418 0.378NR
3DQA [79] 0.738 0.714 0.651 0.648

p2point-MSE [80] 0.812 0.729 0.485 0.456
p2point-HAU [80] 0.775 0.716 0.397 0.289
p2plane-MSE [81] 0.594 0.628 0.270 0.328
p2plane-HAU [81] 0.687 0.644 0.275 0.283
PSNR-YUV [82] 0.817 0.795 0.530 0.449
PCQM [83] 0.885 0.864 0.750 0.743
GraphSIM [55] 0.845 0.878 0.616 0.583
PointSSIM [84] 0.714 0.687 0.467 0.454

FR

IW-SSIMp [76] 0.795 0.783 0.850 0.848

GRIDS (ours) 0.909 0.902 0.823 0.821

In each column, the best, second-best and third best-results are
highlighted in red, green and blue, respectively.

We perform experiments on two PCQA datasets: the subjec-
tive point cloud assessment database (SJTU-PCQA) [75] and
the Waterloo point cloud assessment database (WPC) [76].
The SJTU-PCQA dataset is composed of 387 PCs, including
9 reference PCs and 378 distorted PCs. Each reference PC is
subjected to 7 diverse distortion types, which are categorized
into 6 degradation levels. The WPC dataset comprises 20 refer-
ence PCs and 740 distorted PCs. The distortions are produced
using 4 unique methods, which include downsampling, Gaus-
sian noise, moving pictures experts group (MPEG)-geometry
point cloud compression (MPEG-GPCC), and MPEG-video
point cloud compression (MPEG-VPCC). Due to the limited
sample size of the dataset, we leverage the version of our
model pretrained on the 2D IQA dataset and conduct leave-
one-out (LOO) cross-validation according to the reference
images within the PCQA dataset for evaluation purposes.
In the comparative analysis, we assess the performances of
several representative no-reference and full-reference PCQA
methods, namely, the natural image quality evaluator (NIQE)
[77], the blind/referenceless image spatial quality evaluator
(BRISQUE) [78], 3DQA [79], point-to-point (p2point) [80]
and point-to-plane (p2plane) [81], which are integrated into
MPEG evaluation metrics, PSNR-YUV [82], the point cloud
quality metric (PCQM) [83], graph similarity (GraphSIM)
[55], PointSSIM [84] and the information content-weighted
SSIM (IW-SSIMp) [76]. As shown in Table VIII, the experi-
mental results demonstrate strong performance, signifying the
ability of our methodology to perform well in this context.
We observe that our graph-based approach effectively captures
and evaluates the comprehensive perception characteristics
contained within PC data. In particular, our approach exhibits
superior performance compared to that of the traditional meth-
ods. The robustness and precision of our method highlight its

ability to accurately evaluate the quality of PC images.

V. CONCLUSION

In this paper, we presented a hierarchical deep FR-IQA
method named GRIDS to measure the perceptual quality
distance between distorted and reference images through a
comparison of their distribution differences under the graph
representation setting. Graph-represented images were auto-
matically generated from the given image content to establish
holistic perceptual connections for irregular regions, which
were more versatile and effective for the visual perception task.
To reflect the perceived image distribution, we decomposed
its undirected graph into cliques and then calculated the
product of the potential functions for the cliques to obtain
the joint probability distribution of the undirected graph.
Moreover, we compared the regional distances between the
graph distributions of the distorted and reference images at
different stages; thus, the distortion distribution measurements
derived from different graph model depths were combined to
determine the perceived visual quality of the distorted images.
Experiments conducted on six benchmark IQA databases and
PCQA applications demonstrated the effectiveness of our
approach in terms of predicting perceptual image distortions.
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