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Perception-Oriented Bidirectional Attention
Network for Image Super-Resolution

Quality Assessment
Yixiao Li , Xiaoyuan Yang , Guanghui Yue , Member, IEEE, Jun Fu , Qiuping Jiang , Senior Member, IEEE,

Xu Jia , Paul L. Rosin , Hantao Liu , Member, IEEE, and Wei Zhou , Senior Member, IEEE

Abstract—Many super-resolution (SR) algorithms have been
proposed to increase image resolution. However, full-reference
(FR) image quality assessment (IQA) metrics for comparing
and evaluating different SR algorithms are limited. In this
work, we propose the Perception-oriented Bidirectional Attention
Network (PBAN) for image SR FR-IQA, which is composed
of three modules: an image encoder module, a perception-
oriented bidirectional attention (PBA) module, and a quality
prediction module. First, we encode the input images for feature
representations. Inspired by the characteristics of the human
visual system, we then construct the perception-oriented PBA
module. Specifically, different from existing attention-based SR
IQA methods, we conceive a Bidirectional Attention to bidi-
rectionally construct visual attention to distortion, which is
consistent with the generation and evaluation processes of SR
images. To further guide the quality assessment towards the
perception of distorted information, we propose Grouped Multi-
scale Deformable Convolution, enabling the proposed method
to adaptively perceive distortion. Moreover, we design Sub-
information Excitation Convolution to direct visual perception
to both sub-pixel and sub-channel attention. Finally, the quality
prediction module is exploited to integrate quality-aware features
and regress quality scores. Extensive experiments demonstrate
that our proposed PBAN outperforms state-of-the-art quality
assessment methods.
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I. INTRODUCTION

IMAGE super-resolution (SR) focuses on reconstruct-
ing high-frequency details to generate higher-resolution

(HR) images that exhibit more refined structures and tex-
tures than their low-resolution (LR) counterparts. The latest
advent of deep learning has significantly propelled this field,
giving rise to a wide array of SR techniques, including
convolutional neural network (CNN)-based approaches [1],
[2], generative adversarial network (GAN)-based frameworks
[3], [4], Transformer-based strategies [5], [6], and graph
neural network (GNN)-based algorithms [7], [8]. Despite
notable advances, SR remains a fundamentally ill-posed
problem—where one LR image may correspond to multi-
ple plausible HR outputs—making it inherently difficult to
guarantee both accuracy and consistency in restoration. To
address this, recent research has increasingly incorporated
generative priors, particularly through GAN- and diffusion-
based models [3], [4], [9], [10], [11]. While these methods
have shown promising results, striking an effective balance
between perceptual realism and reconstruction fidelity remains
challenging. GAN-based approaches often yield high-fidelity
metrics but may fail to capture vivid textures due to their unsta-
ble adversarial training and tendency toward over-optimization
[12]. While diffusion models can produce detailed textures
by leveraging powerful generative priors, their reliance on
stochastic noise sampling and mismatches between prior and
LR distributions can undermine pixel-level accuracy [13].
Therefore, reliably evaluating the perceptual quality of super-
resolution images is of great significance for advancing further
optimization of the super-resolution approach.

Generally, image quality assessment (IQA) methods are
categorized into full-reference (FR), reduced-reference (RR),
and blind/no-reference (NR) based on the availability of
reference images. When the corresponding original image is
available, FR-IQA can directly compare the original and dis-
torted images. The RR-IQA uses partial information from the
reference image, while the NR-IQA estimates image quality
without any reference information. These methodologies aim
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to obtain quality predictions that closely align with subjective
ratings. Among them, the peak signal-to-noise ratio (PSNR)
or mean square error (MSE) is the earliest metric, which
computes the pixel-level differences without consideration of
the human visual system (HVS) characteristics. Afterward,
the structural similarity (SSIM) index [14] was developed,
and takes into account the brightness, contrast, and structure
perceptual elements of images, and has given rise to many vari-
ants [15], [16]. However, these methods still lack exploration
of high-level semantic information. Recently, deep learning-
based common IQA methods [17], [18], [19], [20], [21], [22],
[23] have made significant progress by leveraging semantic
features to assess image quality. However, these methods
are primarily designed and trained on databases containing
common degradation-based distortions, such as blur, noise,
and compression artifacts. These distortions typically result
in loss of image information and perceptual degradation. In
contrast, SR methods introduce a different class of distortions
(i.e., enhancement-induced artifacts) such as over-sharpened
edges, hallucinated or false textures, and reconstruction arti-
facts. Unlike degradations that remove or obscure image
content, these distortions may introduce artificial structures or
exaggerated details that can mislead traditional IQA models
[24]. The existing IQA methods, biased toward identifying
degradative patterns, lack the capacity to effectively recognize
and penalize these subtle yet perceptually significant errors
[25]. Therefore, evaluating the quality of SR images demands
specifically designed IQA models that can capture the nuanced
characteristics of enhancement-induced distortions.

Except for common IQA, some works have emerged for
developing SR IQA methods. The recent SR FR-IQA methods
[26], [27], [28] predominantly rely on hand-crafted features.
Although these methods have been proposed to tackle SR
image artifacts like jagged edges, blurring, or non-existent
artifacts in the original scene, their inability to analyze high-
level semantic features curtails their performance. Meanwhile,
there have been many attempts to apply deep learning to SR
IQA, including CNNs [25], [29], [30], knowledge distillation
[31], attention mechanisms [32], [33], etc., but these are
designed for either NR or RR scenarios. Therefore, there
remains a significant gap in exploring deep-learning-based
approaches for SR FR-IQA.

Inspired by the process of subjective quality assessment,
we propose assessing the artifacts introduced by enhance-
ment (i.e., image SR) from two perspectives: the “generate
distortion” and “evaluate distortion” processes. Initially,
acquiring SR images from original reference images or real-
world scenarios introduces unique enhanced distortions. Then,
subjective evaluations by individuals assess such distortion by
comparing SR images against the original reference images,
or implicitly with hallucinated scenes in mind. Inspired by
the dual aspects of SR image distortion—“generation” and
“evaluation”—we propose the Bidirectional Attention (Bi-
Atten), which aligns SR images with their corresponding
references in two directions (HR→SR and SR→HR). Unlike
vanilla spatial or channel attention mechanisms commonly
used in SR NR-IQA methods, it avoids pooling opera-
tions, but uses the multiplication of feature matrices from

both SR and reference sources to align the two feature
spaces.

Besides, we obtain the effective perception of distortion
from the following two aspects, and conceive the overall
Perception-oriented Bidirectional Attention (PBA). On the
one hand, we upgrade deformable convolution [34], [35] to
adaptively offer the perception of distorted areas. Deformable
convolutions can effectively perform dense spatial prediction
due to their adaptive sampling mechanism, which aligns with
the spatial frequency sensitivity [36] of the HVS. Therefore, it
has been a viable candidate for preliminary integration within
existing IQA methods [37], [38]. Nonetheless, an inherent
challenge persists in striking an optimal balance between
sampling efficiency and computational complexity within
these deformable convolutions. Under this consideration, we
devise a novel architecture named Grouped Multi-scale
Deformable Convolution (GMDC). This approach effectively
controls computational complexity through channel dimension
grouping while employing multi-scale deformable kernels to
adaptively capture hierarchical features, which is inspired by
the hierarchy [39] of the HVS.

On the other hand, our method draws inspiration from
sub-pixel analysis [40] known for its assumption that there
is even finer microscopic information between macroscopic
physical pixels, which has not been explored in the SR FR-
IQA task. Building upon this foundation, we assume that there
exists finer distortion information between existing artifacts;
thus, we introduce the concept of Sub-information Excitation
Convolution (SubEC). This innovation leverages the mixed
attention mechanism through the synergistic integration of sub-
pixel and sub-channel information.

We will make our code publicly available at: https://
github.com/Lighting-YXLI/PBAN. To sum up, our contribu-
tions are listed as follows:

1) We propose a Perception-oriented Bidirectional Atten-
tion Network (PBAN) tailored for SR FR-IQA. At its
core, PBAN introduces a Bidirectional Attention (Bi-
Atten) mechanism that aligns SR and reference features
in both HR→SR and SR→HR directions, effectively
preserving fine-grained distortion cues introduced by SR
algorithms.

2) We design a GMDC inspired by the hierarchical nature
of the human visual system. It utilizes a grouped con-
volution strategy combined with multi-scale deformable
kernels, enabling efficient modeling of hierarchical
distortions while ensuring cross-channel information
interaction.

3) We develop a SubEC that incorporates learnable upsam-
pling to extract sub-pixel and sub-channel cues. By
leveraging hybrid attention within spatial and channel
dimensions, it effectively extracts finer perceptual sig-
nals of SR distortions.

II. RELATED WORK

A. Common Full Reference Image Quality Assessment

When original reference images are available, full-
reference image quality assessment (FR-IQA) methods can be
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developed, which estimate image quality by comparing dis-
torted images with the corresponding reference images. The
earliest FR-IQA metrics include PSNR and MSE. Later, SSIM
[14] combined attributes such as structure, brightness, and
contrast to design a metric that is more in line with the
HVS. Further variants like multi-scale SSIM (MS-SSIM) [16],
complex wavelet SSIM (CW-SSIM) [15], quaternion structural
similarity (QSSIM) [41], and gradient magnitude similarity
deviation (GMSD) [42] were proposed to better align with the
HVS. However, these methods are not always as effective as
deep learning-based methods.

Recent advances in common FR-IQA have witnessed a tran-
sition from traditional signal fidelity-based measures to deep
learning-driven methods. Early deep architectures, such as
WaDIQaM [17], proposed unified models that jointly predict
local quality and weights via convolutional networks, laying
the groundwork for end-to-end FR-IQA learning. Subsequent
works expanded this paradigm to multi-task frameworks,
integrating distortion type classification alongside quality
regression through gated feature masking strategies [43].
Structural understanding was further enhanced by SPSIM [44],
which introduced perceptually meaningful superpixel-based
similarity indices. The emergence of perceptual metrics based
on deep features, as discussed in [45], revealed that pre-
trained deep networks such as VGG inherently capture human
visual preferences, outperforming handcrafted metrics [14],
[16] by large margins. To address fine-grained compression
artifacts, FG-IQA [46] proposed a structure-texture difference-
based method with superior discrimination at subtle quality
levels. Panoramic IQA was explored in MFAN [47] via multi-
projection attention fusion networks, adaptable to both FR and
NR settings. Robustness to spatial misalignment was addressed
by DOSS [48], leveraging order statistics of deep features to
tolerate shift-induced inconsistencies. Graph-based approaches
like GRIDS [49] introduced graph representations and clique-
based distribution comparisons to model perceptual distances.
Most recently, DMM [50] tackled perceptual bias in deep
feature spaces by introducing debiased mappings via SVD,
balancing separability and compactness in quality estimation.
However, these FR-IQA approaches are primarily designed for
degradative distortions such as compression, noise, and blur,
and may not generalize well to the artifacts often introduced
by super-resolution algorithms.

B. Super-Resolution Image Quality Assessment

Recently, several handcrafted FR-IQA methods have been
specifically designed for super-resolution (SR) images, such
as the structure–texture decomposition-based SIS [26], the
structural fidelity versus statistical naturalness (SFSN) method
[27], and the deterministic and statistical fidelity-based SRIF
[28]. However, deep learning-based FR-IQA models tailored
for SR images remain largely underexplored.

Current deep learning-based SR IQA research primarily
focuses on no-reference scenarios. For example, DeepSRQ
[29] adopts a two-stream CNN to separately extract structural
and textural features, while HLSRIQA [25] exploits high- and
low-frequency maps to better capture SR-specific artifacts.

KLTSRQA [51] evaluates the quality of SR images in a no-
reference manner based on the Karhunen-Loéve Transform.
EK-SR-IQA [31] introduces a semi-supervised knowledge dis-
tillation strategy to improve quality prediction. More recently,
attention mechanisms have been widely applied to further
improve NR-IQA performance. JCSAN [32] incorporates joint
channel and spatial attention to extract more perceptually
relevant features, C2MT [52] employs a multi-task transformer
to jointly predict SR image quality and classify SR algorithms,
leveraging contrastive learning and pseudo-label refinement
for improved perceptual representation, and TADSRNet [33]
employs a triple-attention strategy to emphasize key SR image
regions across multiple dimensions.

Despite these advances, a notable gap remains in develop-
ing deep learning-based full-reference SR IQA methods. To
address this, we propose the Perception-oriented Bidirectional
Attention Network.

C. Applications of the Deformable Convolution and
Sub-Pixel Convolution

Deformable convolution, initially introduced in Deformable
ConvNets [34] and later improved in More Deformable Con-
vNets [35], is a technique that incorporates adaptive sizes
and shapes of convolution kernels by adding learnable offsets
to sampling points. It has proven to be effective in enhanc-
ing spatially dense prediction and has found applications
in various low-level vision tasks like image super-resolution
[53] and video deblurring [54]. Recently, researchers have
explored the use of deformable convolution in IQA to achieve
performance improvements. Some notable works in this direc-
tion include RADN [37] and DQM-IQA [38]. RADN [37]
utilized deformable convolutions to better leverage informa-
tion from reference images, thereby increasing sensitivity
to errors and misalignments in distorted images. DQM-IQA
[38] employed deformable convolutions to extract percep-
tual features. However, the high computational complexity
of deformable convolutions restricts the use of multi-scale
convolution kernels in these methods, resulting in limitations
in capturing hierarchical information.

In the field of camera imaging, sub-pixels refer to the
micro-pixels that cannot be detected between macro-pixels
due to limitations in the imaging capability of the camera’s
photosensitive element. Inspired by the concept of sub-pixels,
ESPCN [40] introduced the concept of sub-pixel convolution
for efficient image SR. Instead of padding or interpolation, it
utilizes pixel shuffle to achieve image upsampling. Sub-pixel
convolution aligns well with the human visual perception of
SR images and has been widely applied in tasks such as image
reconstruction [55] and pan-sharpening [56].

Inspired by the aforementioned approaches, we propose
Grouped Multi-scale Deformable Convolution and Sub-
information Excitation Convolution to enhance perceptual SR
distortion modeling.

III. PROPOSED SR IQA METHOD

In this section, we present the overall framework of
our proposed deep learning-based SR FR-IQA method,
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Fig. 1. The overall framework of PBAN. In the PBA Module, XHR, XS R are input feature maps, OHR
PBA,O

S R
PBA are output feature maps. C,H,W are the

dimensions of channel, height, and width of the feature map, respectively. Bi-Atten takes “K” from GMDC to compute bidirectional attention. In Bi-Atten,
Q,K,V represent “query”, “key”, “value” of the attention mechanism. SubEC models SR distortions on a finer level.

called Perception-oriented Bidirectional Attention Network
(PBAN), which consists of three modules, namely the Image
Encoder Module, Perception-oriented Bidirectional Attention
(PBA) Module, and Quality Prediction Module. As illustrated
in Fig. 1, the network takes a HR reference and SR image
pair as input. The main component of our method is the
PBA Module, which is the stack of PBA blocks. Each block
has three key components: Grouped Multi-scale Deformable
Convolution (GMDC), Bidirectional Attention (Bi-Atten), and
Sub-information Excitation Convolution (SubEC). Specifi-
cally, we design Bi-Atten to comprehensively assess the
enhanced distortions of SR images by bi-directional feature
spaces alignment (HR→SR and SR→HR). Before calculating
the attention map, we propose GMDC to provide the percep-
tion of distorted regions. After obtaining the Bi-Atten map, we
propose the SubEC to further refine the perception of distortion
to a finer level. The design details are as follows.

A. Image Encoder Module

Given a pair of input images (i.e., SR image and the corre-
sponding original HR reference), we first crop the images into
non-overlapping patches. Following the settings of DeepSRQ
[29], the patch size is set to 32 × 32 in our experiments. The
image patches and their corresponding reference patches are
then fed into a stack of a convolutional layer with 3×3 kernels,
a batch normalization layer, and an activation function (i.e.,
ReLU) for discriminative feature extraction.

B. Perception-Oriented Bidirectional Attention (PBA) Module

The feature maps of both branches are then input into the
PBA Module, which pass through Bi-Atten and SubEC in
sequence.

1) Bidirectional Attention: Bi-Atten is an improvement
upon cross-attention [57] specifically for SR FR-IQA. Cross
attention is commonly used for multi-modal data (such as
text and images), assuming there are inputs X1, X2 from
two sources. Cross attention is calculated using Q(Query),
K(Key), and V(Value) matrices to find information depen-
dencies between cross-modal data. Meanwhile, due to the
inconsistency of data between different modalities and in order
to ensure contextual consistency between K&V , it is necessary
to ensure that K&V are homologous. The cross-attention is
first obtained through linear layers:

Q1,Q2 = WQ(X1, X2),

K1,K2 = WK(X1, X2),

V1,V2 = WV (X1, X2),

D1,D2 = Var(Q1KT
2 ),Var(Q2KT

1 ), (1)

where W refers to the fully connected linear layers. D repre-
sents the variance of the dot product of Q and K. Then the
cross attention is calculated as follows:

Cross − Attention(X1) = Softmax
�

Q1K>2
√

D1

�
V2,

Cross − Attention(X2) = Softmax
�

Q2K>1
√

D2

�
V1. (2)

Here, the cross attention reflects the relevance between each
element from one source X1 and elements from the other
source X2, thereby achieving effective attention between multi-
model data.

To comprehensively leverage the reference information of
SR images, we provide a concise overview of the baseline, as
illustrated in Fig. 1. Inspired by the “generate distortion” and
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Fig. 2. The framework of GMDC. Given an input feature map of (W × H × C), where C is the number of channels, H,W are the height and width. It is
divided into “n” separate groups. Each group contains “( C

n )” channels, and is then fed into deformable convolution (i.e., DCN) with Ei ×Ei, i = 1, . . ., n kernel
sizes. Ei can be set to multi-scale. The final Point-wise Convolution is utilized to provide the interaction between groups.

“evaluate distortion” processes, we propose the dual-branch
Bi-Atten. For the “generate distortion” process, the upper
branch uses HR reference images as input. Then, the feature
space of HR references is progressively aligned to that of SR
images. This is achieved by multiplying the HR feature matrix
with the SR feature matrix, where each row of the former is
weighted by each column of the latter, resulting in an attention
map within the SR feature space. In the “evaluate distortion”
process, human evaluators typically compare SR images to
corresponding references or real scenes to assess distortion
levels. Considering this, the lower branch takes SR images as
input and incrementally aligns them to HR reference space,
effectively measuring the degree of misalignment.

The strong contextual relationship between SR images and
corresponding HR references is quite different from cross-
model data. Therefore, maintaining “K&V” homology is not
necessary for SR FR-IQA, but rather “Q&V” homology
can emphasize the subtle differences (e.g., distortion)
between SR images and corresponding HR references. So
the proposed Bi-Atten utilizes the visual information from one
branch as “query & value” and information from the other
branch as “key” to achieve attention on distortion, which is
different from generic cross attention.

We use 3 × 3 convolutional layers to obtain the Q, K, and
V matrices:

QHR,KHR,VHR = Conv(XHR),

QS R,KS R,VS R = Conv(XS R), (3)

where XHR, XS R ∈ RC×32×32 are the SR image patch and its
corresponding HR reference patch. C is the channel dimension.

Then the two branches exchange KHR and KS R for informa-
tion interaction. Within Bi-Atten, we further propose GMDC,
which enhances the adaptability of spatial dense predictions
and consequently strengthens the perception of visual atten-
tion. The detailed formulation is introduced as follows:

In standard convolution, the convolution operation can be
calculated as follows:

F (p0) =
X
pn∈r

w (pn) · y (p0 + pn) , (4)

where p0 is a pixel of the output feature map y, r denotes
the regular grid of its corresponding kernel, pn enumerates
the relative locations of sampling points in r. w denotes the
weight for pn. Deformable convolution (DCN) utilized in IQA
methods [37], [38] adds vertical and horizontal offsets ∆pn to
each sampling point of a convolution kernel:

F (p0) =
X
pn∈r

w (pn) · y (p0 + pn + ∆pn) . (5)

The offsets are learned from the preceding feature map y
via a convolution layer. However, the addition of offsets in
DCN introduces a significant number of extra parameters,
making it impractical to use larger convolution kernels and
limiting its learning capacity. Instead, group convolution [58]
can obtain more feature maps while maintaining the same
parameter quantity as standard convolution, which can provide
the feature extraction capability. Thus, the proposed GMDC
enables hierarchical modeling by employing multi-scale kernel
sizes in parallel while effectively controlling the number of
parameters through the grouped structure. As shown in Fig. 2,
given inputs with the size of (W × H × C), where C is the
number of channels, H,W are the height and width of the
input. We divide channels into n groups (i.e., each group
has (C

n ) channels). Different groups undergo DCN opera-
tions independently. To capture information at multiple scales,
we apply multi-sized convolution kernels with edge length
Ei, i = 1, . . ., n to different groups. Take one convolutional
layer as an example, the parameters for standard DCN are
3 × C′ × C × E2, and the parameters for the proposed
GMDC are 3 × C′ × C × E2

1+...+E2
n

n , where the C′ refers to
the channel of the output features, E, Ei, i = 1, . . .,N refer
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TABLE I
PERFORMANCE COMPARISONS ON THE QADS [26], CVIU [61], AND WATERLOO [62] QUALITY DATABASES, WHERE THE BEST TEST PERFORMANCE

VALUES OF FR AND NR ARE IN RED AND BLUE, RESPECTIVELY. ALL DNN-BASED IQA METHODS ARE
INDEPENDENTLY TRAINED ON EACH INDIVIDUAL DATABASE

TABLE II
ABLATION OF INDIVIDUAL PROPOSED COMPONENTS. COMPARISON OF THE TEST RESULTS OF PBAN AND VARIANTS WITHOUT EACH COMPONENT ON

BOTH THE QADS AND CVIU DATABASES. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD

TABLE III
THE COMPARISON OF COMPUTATIONAL EFFICIENCY, WITH THE FASTEST

AND SECOND-FASTEST MODELS HIGHLIGHTED IN RED AND BLUE,
RESPECTIVELY. AND THE BEST AND SECOND-BEST PERFOR-

MANCES ARE HIGHLIGHTED IN BOLD AND UNDERLINED,
RESPECTIVELY. FLOPS ARE CALCULATED USING AN INPUT

TENSOR OF SHAPE 3×512×512, AND INFERENCE SPEED
IS AVERAGED OVER 100 RUNS. ALL EVALUATIONS

ARE CONDUCTED ON THE QADS DATABASE

to kernel sizes. When 1
n

P
E2

i ≈ E2, GMDC has the same
order of parameters as DCN, but by employing various kernel
sizes, it introduces hierarchical modeling. The ablation study
is detailed in Table VII. After going through GMDC, KHR

and KS R are swapped and involved in the computation of the

Bi-Atten map in the other branch:

KHR−D,KS R−D = GMDC(KHR,KS R),

DHR = Var(QHR(KS R−D)T ),

DS R = Var(QS R(KHR−D)T ), (6)

where DHR and DS R are the variance of the dot product
of QHR,KS R−D and QS R,KHR−D, respectively. Note that the
proposed Bi-Atten is different from cross attention and com-
mon spatial/channel attention, which are further analyzed in
Section V-E and Section V-F, respectively. Then the Bidirec-
tional Attention maps are calculated as:

Bi − AttenHR(QHR,KS R−D,VHR)

= Softmax

 
QHRKS R−D>

√
DHR

!
VHR, (7)

Bi − AttenSR(QS R,KHR−D,VS R)

= Softmax

 
QS RKHR−D>

√
DS R

!
VS R. (8)

2) Sub-Information Excitation Convolution: Consequently,
we introduce SubEC to extract finer distortion information in
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TABLE IV

VALIDITY OF BI-ATTEN ON QADS AND CVIU DATABASES. IN ORDER TO SEPARATELY DEMONSTRATE THE ROLE OF BI-ATTEN, ALL VARIANTS DO NOT
INCLUDE GMDC AND SUBEC. HR→ SR AND SR→ HR REPRESENT ONE-WAY “KEY” TRANSMISSION, WHILE BI-ATTEN HAS BIDIRECTIONAL

“KEY” TRANSMISSION. “KEY” TRANSMISSION MEANS THE ATTENTION MAPS FOR ONE BRANCH
ARE CALCULATED USING THE K MATRIX FROM THE OTHER BRANCH

TABLE V

VALIDITY OF TYPES OF CROSS ATTENTION. GENERAL CROSS ATTENTION USES K&V HOMOLOGY, WHILE THE PROPOSED BI-ATTEN USES Q&V
HOMOLOGY. NOTE THAT Q&K HOMOLOGY IS SELF ATTENTION, AND IS SHOWN IN TABLE IV AS W/O BI-ATTEN

TABLE VI

THE COMPARISON BETWEEN PBAN AND SPATIAL/CHANNEL ATTENTION
ON THE CVIU DATABASE, WITH THE BEST PERFORMANCE VALUES

HIGHLIGHTED IN BOLD. THE “SPATIAL ATTEN” AND “CHANNEL
ATTEN” POOL THE CHANNEL AND SPATIAL DIMENSIONS TO 1,

RESPECTIVELY. THE FLOPS IS CALCULATED
WITH INPUT TENSOR SHAPE 3 × 32 × 32

both the spatial (pixel) and the channel dimensions of the
obtained Bi-Atten feature maps.

Based on the concept of sub-pixel [40], we assume that
micro-distorted information exists in the sub-pixels between
pixels in the feature maps. Simultaneously, it also exists in
sub-channels, which are assumed to be mined between the
existing channels. Therefore, we mine sub-information through
super-resolution of both the channel and spatial dimensions.

The proposed SubEC framework, illustrated in Fig. 3, takes
an input feature map of size (W × H × C) and generates the
Sub-Channel Weight and Sub-Pixel Weight through separate
branches.

In the Sub-Pixel Weight branch, we employ sub-pixel
convolution [40] for pixel-level super-resolution. With an
upscaling factor of S , each pixel in the feature map of size
(W × H) is assigned weights. Consequently, the final size of
Sub-Pixel Weight should be (W×H×1). Sub-pixel convolution
upsamples a single pixel into a square matrix of size (S × S ).
To achieve this, we first reduce the channel dimension to
S 2 and then use sub-pixel convolution to shuffle the pixels,
as illustrated in Fig. 3. This process generates an upsampled
feature map of size ((S ×W)× (S × H)× 1). To avoid losing
channel information when reducing the number of channels
from C to S 2, we gradually decrease the dimension using two
3×3 convolutional layers. Finally, the upsampled feature map
is downsampled to (W×H×1) to obtain the Sub-Pixel Weight.

In the Sub-Channel Weight branch, we amplify the chan-
nel dimension to capture micro-information hidden within
sub-channels. Since the final weights are applied to each
input channel, the size of Sub-Channel Weight needs to be
(1 × 1 × C). Given an input feature map, we first reduce the
spatial dimension from (W × H) to (1 × 1) using adaptive
average pooling. Then, we perform super-resolution on the
channel dimension by a factor of S . To provide computational
efficiency, we employ group convolution [58] to divide the
feature map into g groups, with each group having a size of
(1 × 1 × C

g ). Subsequently, a 1 × 1 convolution is applied to
expand the channels by S times. To restore the interdepen-
dencies among channels lost during grouping, we utilize the
channel shuffle operation [59], resulting in a feature map of
size (1 × 1 × (C × S )). Finally, we compress the channels
using a 1 × 1 convolution to obtain the Sub-Channel Weight.
In summary, the output feature map OS ubEC can be expressed
as:

OS ubEC = IS ubEC × WS ub−Channel × WS ub−Pixel, (9)

where IS ubEC is the input of SubEC. Taking into account
that the Identity Shortcut [60] has been proven to effectively
alleviate model overfitting issues, we use the Shortcut as the
main architecture:

OHR
PBA = OHR

S ubEC + XHR,

OS R
PBA = OS R

S ubEC + XS R, (10)

where OHR
PBA,O

S R
PBA are output feature maps of PBA block.

C. Quality Prediction Module

After passing through the PBA Module, feature maps are
fed into the Quality Prediction Module, where the feature
maps of both branches are flattened and concatenated:

OHR = ReLU(L(F(AvgPool(OHR
PBA)))),

OS R = ReLU(L(F(AvgPool(OS R
PBA)))),

OHR = Dropout(ReLU(L(Dropout(OHR)))),

OS R = Dropout(ReLU(L(Dropout(OS R)))), (11)
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TABLE VII

ABLATION STUDY OF GMDC ON THE CVIU DATABASES WITH AND WITHOUT THE SUBEC. THE VARIANT “WITHOUT GMDC” IS TO UTILIZE
STANDARD CONVOLUTION (3×3) TO REPLACE GMDC FOR EXPERIMENTATION. DCN REFERS TO THE STANDARD DEFORMABLE CONVOLUTION,

WHILE THE PROPOSED GMDC USES GROUPED KERNELS DENOTED AS [K1,K2, . . .,KN ]. THE FLOPS ARE CALCULATED WITH THE INPUT
SIZE 3 × 32 × 32, AND THE INFERENCE SPEED IS AVERAGED OVER 100 RUNS. THE BEST AND SECOND-BEST PERFORMANCES

ARE HIGHLIGHTED IN BOLD AND UNDERLINED, RESPECTIVELY

Fig. 3. The framework of SubEC. It is a three-branch architecture, including Sub-Channel Weight branch (i.e., the top branch), Sub-Pixel Weight branch (i.e.,
the bottom branch), and the identity shortcut branch (i.e., the mid one). The “View Function” refers to PyTorch’s tensor.view() operation, which reshapes the
tensor without altering its underlying data. For example, the first View Function in the Sub-Channel Weight branch reshapes the feature map from [B,C] to
[B,C, 1, 1], where B and C denote the batch size and number of channels, respectively. The output feature map is obtained by multiplying the input feature
map by these two weights. S is the magnification of the channel and pixel dimensions, which is set to 2 in our experiment.

where the Average Pooling layer is utilized to downsample
OHR

PBA and OS R
PBA to prevent the input dimension of the fully

connected layer from being too large. F is the flattened layer
and L is the fully connected layer. Dropout layers are applied
to mitigate overfitting in the regression network by randomly
deactivating neurons. The subsequent Linear layers gradually
reduce the feature dimension from 1,024 to 1, resulting in the
final prediction score.

Afterward, the perceptual quality predictions are ultimately
obtained:

O = Concate(OHR,OS R),
Prediction = Linear(Linear(O)). (12)

Finally, following the protocol of DeepSRQ [29], we adopt
the MSE loss to provide guidance in the network optimization
process:

Loss =
1
B

BX
i=1

(Predictioni − MOS i)2, (13)

where B is the batch size of the input data.

IV. VISUALIZATION

To demonstrate the effectiveness of the proposed PBAN
and its components in enhancing visual attention to distortions
in SR images, Fig. 4 presents the intermediate feature maps
of the two branches. The branches take the HR reference
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Fig. 4. Visualization comparisons of feature maps regarding the proposed PBA block. Zebra/Pyramid HR image and Zebra/Pyramid SR image are HR
references and SR images, respectively. The remaining images are feature maps before and after the first PBA block and its components in two branches.

image and the SR image of “zebra” and “pyramid” as inputs,
respectively. As shown, the initial feature maps extracted by
the image encoder module (“image before PBA”) capture lim-
ited distortion information. After processing with GMDC, the
feature maps of KHR−D and KS R−D exhibit stronger responses
to the “zebra” and “pyramid” regions, indicating that multi-
scale adaptive sampling effectively facilitates spatially dense
prediction. Subsequently, Bi-Atten is applied to generate bi-
directional attention maps between the two branches, which
significantly enhance the focus on artifact regions. Finally,
after passing through SubEC and producing the output of one
PBA block, the distortion details are further refined.

To visually demonstrate the perceptual gain of GMDC,
we compared the feature maps of Bi-Atten with and without
GMDC, and observed that the version with GMDC focuses
more on distortions (e.g., zebra textures, brick structures).

Furthermore, the PBA module is designed to reflect the pro-
cesses of SR image distortion “generation” and “evaluation,”
thereby enabling more comprehensive predictions consistent
with human perception. During iterative learning, the feature
maps of the branch with the HR reference as input are expected
to gradually approximate those of the SR image, while

Fig. 5. The structure similarity (i.e., SSIM) of “X1&X2”, where X1 is the
initial HR reference or SR image, X2 is the feature map before or after one
PBA block and its components (i.e., GMDC located in Bi-Atten, Bi-Atten w/o
GMDC, Bi-Atten with GMDC, and SubEC). Note that the higher the SSIM,
the more similar the two images are.

the branch with the SR image as input should, conversely,
approach the HR reference. To quantify this approximation,
we compute similarity metrics (i.e., SSIM) on the feature maps
of “zebra,” as illustrated in Fig. 5.
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The results show that the feature maps of the SR image
achieve a notable SSIM improvement with respect to the HR
reference after receiving visual attention from the first PBA
block. Similarly, the feature maps of the HR reference also
show a marked SSIM improvement with respect to the SR
image. These findings suggest that our method dynamically
enhances perceptual sensitivity to distortions by allowing the
HR and SR representations to progressively align with each
other.

V. EXPERIMENTS

In this section, we compare our method with many exist-
ing quality metrics on three publicly available subject-rated
quality databases for SR images. Besides, ablation studies are
also conducted to verify the performance of each proposed
component.

A. Experimental Setup and Implementation

In training and testing, experiments are running on a
NVIDIA DGX Station with a Tesla V100-DGXS-32GB GPU
and Ubuntu 18.04 LTS. All codes are implemented in PyTorch.

1) Databases: We conduct experiments on QADS [26],
CVIU [61], and Waterloo [62] databases. The QADS database
contains 20 original HR references and 980 SR images created
by 21 SR algorithms, including 4 interpolation-based, 11
dictionary-based, and 6 DNN-based SR models, with upsam-
pling factors equaling 2, 3, and 4. Each SR image is associated
with the MOS of 100 subjects. In the CVIU database, 1,620
SR images are produced by 9 SR approaches from 30 HR
references. Six pairs of scaling factors and kernel widths are
adopted, where a larger subsampling factor corresponds to a
larger blur kernel width. Each image is rated by 50 subjects,
and the mean of the median 40 scores is calculated for
each image as the MOS. The Waterloo database involves
8 interpolation algorithms with 3 interpolation factors of 2,
4, and 8, respectively. 312 SR images are generated from
13 source images.

2) Implementation Details: All databases are randomly
divided into non-overlapping 80% and 20% sets, with 80% of
the data used for training and the remaining 20% for testing.
All DNN-based IQA methods are independently trained on
each individual database. During training, we employ data
augmentation to mitigate overfitting by dividing each SR
image and its corresponding HR reference image into non-
overlapping patches. Following the protocol in DeepSRQ [29],
the patch size is set to 32 × 32. Accordingly, the number of
training SR–HR patch pairs is 129,360 for QADS (784 training
image pairs), 194,400 for CVIU (1,296 training image pairs),
and 55,800 for Waterloo (248 training image pairs). Each patch
is assigned the MOS of its corresponding SR image, and the
final prediction for an SR image is obtained by averaging the
predictions of its patches. We utilize 5-fold cross-validation
on the training set, with each fold training for 100 epochs,
and ultimately test it on the test set. We use MSE loss to
measure the difference between predicted scores and MOSs.
The optimizer used is stochastic gradient descent (SGD), with
an initial learning rate of 0.01, momentum of 0.9, and weight
decay set to 10−6.

We adopt four commonly used evaluation criteria to com-
pare performance, including Spearman rank-order correlation
coefficient (SRCC), Kendall rank-order correlation coefficient
(KRCC), Pearson linear correlation coefficient (PLCC), and
root mean square error (RMSE). SRCC and PLCC/RMSE
are employed to assess the monotonicity and accuracy of
predictions, respectively. KRCC is used to measure the ordinal
association between two measured quantities. An ideal quality
metric would have SRCC, KRCC, and PLCC values close
to one, and RMSE close to zero. It should be noted that a
five-parameter nonlinear fitting process [28] is applied to map
the predicted qualities into a standardized scale of subjective
quality labels before calculating PLCC and RMSE for different
quality metrics.

B. Performance Comparisons

To validate the proposed method, we compare it with state-
of-the-art FR-IQA, NR-IQA, and SR IQA methods. FR-IQA
methods include PSNR, SSIM [14], MS-SSIM [16], CW-SSIM
[15], GMSD [42], WaDIQaM [17], and LPIPS [45]. NR-IQA
methods consist of NIQE [63], LPSI [64], MetaIQA [20],
HyperIQA [22], CLIP-IQA [65], and TOPIQ [66]. Among
them, WaDIQaM, LPIPS, MetaIQA, HyperIQA, CLIP-IQA,
and TOPIQ are deep learning-based models. SR IQA methods
contain SIS [26], SFSN [27], SRIF [28], DeepSRQ [29],
HLSRIQA [25], EK-SR-IQA [31], JCSAN [32], C2MT [52],
and TADSRNet [33]. Besides, DeepSRQ, HLSRIQA, EK-SR-
IQA, JCSAN, C2MT, and TADSRNet are deep learning-based
methods.

The performance comparison is summarized in TABLE I. It
can be observed that deep learning-based IQA methods con-
sistently outperform traditional hand-crafted methods across
all three databases, validating the advantage of data-driven
feature learning. In particular, advanced general-purpose NR-
IQA models such as CLIP-IQA and TOPIQ achieve results
comparable to SR-specific NR-IQA methods, indicating that
recent large-scale pretraining and prompt-based modeling can
enhance generalization. However, traditional FR-IQA models
(e.g., PSNR, WaDIQaM, LPIPS) still show a clear perfor-
mance gap, highlighting the necessity of designing SR-aware
FR-IQA metrics that can capture enhanced distortions such as
over-sharpening and hallucinated textures.

Among SR NR-IQA methods, attention-based networks like
JCSAN and TADSRNet stand out, confirming the effectiveness
of integrating visual saliency and semantic dependencies.
However, their attention modules rely heavily on frequent
pooling operations for feature aggregation, which inevitably
causes the loss of fine-grained information. This characteris-
tic may hinder their ability to capture subtle and localized
enhanced distortions, such as edge over-sharpening or texture
hallucination, which are critical in SR scenarios. In contrast,
our PBAN adopts a bidirectional attention design that avoids
pooling entirely, directly aligning features from SR and HR
images to preserve high-frequency and spatially sensitive
distortion cues.

For SR FR-IQA, methods such as SIS, SFSN, and SRIF
are primarily built upon hand-crafted features. While they
incorporate insightful design concepts, these methods are
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Fig. 6. Examples for predicted scores on the CVIU database (test): SFSN/PBAN/MOS. The first column has HR reference images, and columns (c)-(d) are
the selected SR images. All images are cropped for better visibility. In order to observe significant differences in the quality of SR images participating in
the comparison, we screen images with various SR algorithms and scaling factors (i.e., sf), which are presented in detail.

constrained by shallow representations and limited capacity
to exploit high-level semantic differences between SR outputs
and HR references. This restricts their ability to fully model
complex perceptual discrepancies in SR tasks. By contrast,
our proposed PBAN fully leverages deep perceptual priors and
attention-guided alignment, achieving consistent state-of-the-
art results across QADS, CVIU, and Waterloo databases.

For visual comparison, we present some SR images along
with the predicted quality scores by our model and another
SR FR-IQA model in Fig. 6. Considering SFSN is one of the
latest state-of-the-art SR FR-IQA metrics, and its code is easy
to reproduce and validate, we take SFSN for comparison. Also,
we provide the MOS of these images. Fig. 6 shows that the
SFSN model prefers images with relatively low quality, such
as Fig. 6 (c), (d), which suffer apparent structural and textual
distortion compared with their reference image. In contrast,
the proposed method prefers Fig. 6 (e), (f), which is con-
sistent with human visual perception. Besides, the low score
deviation between the proposed method and MOS indicates
the superiority of our model on SR IQA.

C. Ablation of Individual Proposed Components

In this section, we conduct an ablation study to evaluate
the effectiveness of each component in PBAN, as shown in
TABLE II. The complete PBAN consistently achieves the
best performance across all metrics, validating the overall
design. Among the components, Bi-Atten contributes the most
significant improvement, confirming its core role in aligning
distortions from both the SR and HR perspectives. Both
GMDC and SubEC also yield notable gains when used indi-
vidually, and their integration with Bi-Atten further enhances
performance. These results demonstrate that each component
addresses a unique aspect of the perceptual quality modeling,
and their joint use leads to strong complementary effects and
the highest evaluation performance.

D. Comparison of Model Efficiency

We have conducted a computational efficiency comparison
of seven advanced IQA approaches, including four general
IQA models (Rows 1-4) and three SR IQA models (Rows 5-
7), as shown in TABLE III. The results reveal that the proposed
PBAN demonstrates excellent computational efficiency and
prediction performance. It has the second-lowest parameter
count (2.222M) and low FLOPs (26.278G), while maintaining
a fast inference speed (16.995 ms). Despite being lightweight,
PBAN achieves the highest accuracy among all compared
methods (SRCC = 0.986, PLCC = 0.987), significantly outper-
forming larger models. As for the limitations, PBAN is slightly
slower than the most lightweight model (i.e., the DeepSRQ),
due to the additional complexity introduced by the GMDC
and SubEC. However, the accuracy gain justifies this small
overhead.

E. Validity of Bi-Atten

To validate the efficacy of Bi-Atten, we conduct a compari-
son on the attention interactive modes, as presented in TABLE
IV. Specifically, we test the following scenarios: without using
Bi-Atten (i.e., applying the self-attention separately to the SR
image and HR reference branches); transferring the “Key”
information from the SR image branch to the HR reference
branch while applying self-attention to the SR image branch
(i.e., SR → HR); and transferring the “Key” information
from the HR reference branch to the SR image branch while
applying self-attention to the HR reference branch (i.e., HR→
SR). Our experimental results reveal that the model without
Bi-Atten exhibits the poorest performance on both databases,
and even adding one-way “Key” information transmission
could significantly improve the performance. Moreover, the
performance improvement brought by Bi-Atten is particularly
notable in KRCC and RMSE on both databases. Ultimately,
the model using Bi-Atten achieves the best performance,
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indicating that our proposed Bi-Atten effectively provides the
network’s learning ability.

We further compare Bi-Atten (i.e., Q&V are homology)
with cross attention (i.e., K&V are homology), and the results
(TABLE V) show that Bi-Atten is superior in mining SR
image distortion. Take the SR image branch as an example;
this may be because using SR features as both query and
value allows the model to project degraded information into
the structural space of the reference, enabling more precise
alignment and compensation for fine-grained distortions that
are otherwise lost in cross attention; in contrast, when the
query comes from the reference (i.e., K&V belong to SR
space), it searches for correspondence in the degraded SR
space, where incomplete reference information after projection
hinders accurate alignment and leads to potential information
loss.

F. Validity on Replacing Bi-Atten With Spatial/Channel
Attention

TABLE VI compares PBAN with Spatial and Channel
Attention in terms of complexity, inference speed, and perfor-
mance metrics. All methods share identical model complexity
(2.222M Params, 0.181G FLOPs); however, PBAN outper-
forms the others, achieving the highest SRCC (0.978), KRCC
(0.872), PLCC (0.981), and the lowest RMSE (0.397). While
PBAN’s inference speed (11.292 ms) is slightly slower, the
trade-off is justified by its substantial accuracy gains, high-
lighting its effectiveness and efficiency. This may be because
SR images exhibit enhanced distortions, where spatial/channel
attention—commonly used in common IQA with degraded
distortions—may overlook critical information due to pooling
operations.

G. Validity of GMDC

1) The Individual Effectiveness: As shown in TABLE VII,
the DCN does not consistently improve performance over the
baseline “without GMDC”, and in most cases, it even leads to
performance degradation. For the 3 × 3 DCN, the receptive
field is relatively small, limiting the space in which the
deformable offsets can be effectively learned, often resulting
in uninformative deformations. While moderate kernel sizes
(5× 5 and 7× 7) provide slight improvements due to a larger
receptive field and more contextual information, performance
drops again with the 9 × 9 kernel. This aligns with previous
findings that standard DCN struggles to learn reliable offsets
when the kernel size becomes larger [68]. In contrast, our
proposed GMDC consistently delivers stable and significant
improvements, especially with [3, 7] and [3, 5, 7, 9] settings.
This is attributed to its grouped offset learning and multi-scale
design, which enhances both the flexibility and robustness of
spatial modeling. Note that there is no universally optimal
combination; therefore, [3, 7] was empirically selected for its
ability to consistently maximize performance while maintain-
ing a reasonable computational overhead.

2) The Importance of Point-Wise Convolution: We have
conducted an ablation study on the point-wise convolution
in GMDC to demonstrate that the grouping strategy does

TABLE VIII

VALIDITY FOR THE POINT-WISE CONVOLUTION OF GMDC ON CVIU
DATABASE. NOTE THAT THE SUBEC IS NOT INVOLVED IN THESE

VARIANTS. THE PROPOSED GMDC USES GROUPED KERNELS
DENOTED AS [K1,K2, . . .,KN ]. THE BEST PERFORMANCE

IS HIGHLIGHTED IN BOLD

TABLE IX
VALIDITY FOR THE NUMBER OF GROUPS IN GROUP CONVOLUTION OF

GMDC ON THE CVIU DATABASE. AS MULTI-SCALE KERNELS ARE
UTILIZED, THE MINIMUM NUMBER OF GROUPS IS 2. IN EXPERI-

MENTS WITH DIFFERENT NUMBERS OF GROUPS, HALF OF THE
GROUPS HAD KERNEL SIZES SET TO 3, WHILE THE

OTHER HALF HAD KERNEL SIZES SET TO 7

indeed restrict cross-channel information interaction. And such
a limitation of restricted cross-channel interaction is explicitly
addressed by introducing a point-wise (1 × 1) convolution
after the grouped kernels. As shown in TABLE VIII, removing
the point-wise convolution results in a noticeable performance
drop across all evaluation metrics. For instance, in the config-
uration [3, 5, 7], the PLCC decreases from 0.972 to 0.968, and
the RMSE increases from 0.642 to 0.713. These results clearly
confirm that the point-wise convolution plays a crucial role
in compensating for the lack of inter-group communication,
thereby enabling effective cross-channel information fusion
following the grouped convolutions.

3) The Impact of Channel Grouping: As group convolution
[58] is employed in GMDC, we conduct validation of the
number of groups. Given that the number of channels for
convolutional layers is set to a multiple of 16 and the group
number needs to evenly divide the channel number, we test
with groups of 2, 4, 8, and 16, respectively. The results are
presented in TABLE IX. It can be observed that GMDC with
2 groups yields optimal performance; however, as the group
number doubles, there is a gradual decline in performance with
more pronounced losses in terms of KRCC and RMSE. This
suggests that there is a greater loss of inter-group information
when the number of groups is super large (i.e., 16), even if
the point-wise convolution is applied.

H. Validity of SubEC

1) The Individual Effectiveness: The SubEC is designed
to effectively enhance the network’s ability to refine bi-
directional attention for the perception of distorted informa-
tion. To validate its effectiveness, experiments were conducted
under different attention interaction modes, with the results
presented in Table X. Comparisons on the QADS database
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TABLE X
VALIDITY OF SUBEC ON QADS DATABASE. BECAUSE IT IS PROPOSED TO FURTHER IMPROVE BI-ATTEN, THE PERFORMANCE IS COMPARED UNDER

DIFFERENT ATTENTION MODES

TABLE XI
VALIDITY OF THE NUMBER OF GROUPS IN GROUP CONVOLUTION IN

THE SUB-CHANNEL WEIGHT BRANCH OF SUBEC ON THE CVIU
DATABASE. THE BEST PERFORMANCE IS HIGHLIGHTED IN BOLD

TABLE XII
THE VALIDITY OF THE UPSAMPLING FACTOR S IN THE SUB-PIXEL

WEIGHT BRANCH OF SUBEC. THE BEST PERFORMANCE
IS HIGHLIGHTED IN BOLD

show that incorporating this component improves performance
across all four attention interaction modes. In contrast, per-
formance is notably worse when it is excluded, highlighting
the substantial contribution of such design. These findings
demonstrate not only its strong capability to capture fine-
grained distorted information but also its ability to compensate
for the limitations of one-way “Key” transmission.

2) The Impact of Group Numbers: As group convolution
[58] is also employed in the Sub-Channel Weight branch,
we conduct validation of the number of groups. As shown
in TABLE XI, we tested with group counts of 2, 4, 8, 16, and
32, respectively. However, the results indicate that increasing
the number of groups does not lead to significant or consistent
performance improvements. Therefore, we set the number of
groups to 2 for all other experiments.

3) The Impact of Magnification Factor S: Furthermore, we
delve into the impact of the upsampling factor S for both
channel and spatial dimensions on experimental outcomes. As
shown in TABLE XII, we conducted an ablation study by
varying S from 2 to 8; training and testing were individually
conducted on the CVIU [61] and Waterloo [62] databases. The
results reveal that the upsampling factor S used in the Sub-
Pixel Weight branch is not directly related to the SR scaling
factors (e.g., the CVIU includes SR images generated with
scaling factors of ×2, ×3, ×4, ×5, ×6, and ×8, while the

TABLE XIII
THE IMPACT OF CHANNEL SHUFFLE, DOT-PRODUCT, AND UPSAMPLING

METHODS IN SUBEC ON CVIU DATABASE, WITH THE BEST PER-
FORMANCE VALUES HIGHLIGHTED IN BOLD. THE FLOPS IS

CALCULATED WITH INPUT TENSOR SHAPE 3 × 32 × 32

Waterloo includes ×2, ×4, and ×8) used in the database.
While model complexity obviously increases as S is up-scaled,
the performance differences are generally small. In particular,
S= 2 consistently provides strong performance across all
metrics, making it a reliable and empirically chosen setting.
Therefore, S is not determined by the distribution of SR scales
in the database, but rather chosen for its balanced effectiveness
and efficiency in feature processing.

4) The Impact of Channel Shuffle, Dot-Product, and
Upsampling Methods: In this subsection, we further analyze
the impact of channel shuffle and the replacement of dot-
product with element-wise addition. As shown in TABLE XIII,
removing the channel shuffle results in a noticeable per-
formance drop, as the channel shuffle operation enhances
the model’s non-linear capability. Furthermore, replacing
the dot product with element-wise addition also affects the
results. Dot-product preserves the original distribution of input
features, making its effects more controllable. In contrast,
element-wise addition mixes the effects of channels and spatial
features, changing the feature distribution and potentially
compromising performance.

Moreover, we evaluate the impact of different upsampling
strategies by comparing PBAN (Sub-pixel Convolution) with
three alternatives: transposed convolution, Bilinear interpo-
lation, and Bicubic interpolation. The results demonstrate
that the choice of upsampling method significantly affects
performance. Specifically, PBAN and transposed convolu-
tion achieve the best and the second-best SRCC/PLCC
scores (i.e., 0.978/0.981 and 0.975/0.979), respectively. While
interpolation-based methods (Bilinear and Bicubic) yield
slightly inferior results. This can be attributed to the fact
that adopting a learning-based upsampling approach like
transposed convolution proves to be both effective and well-
suited for this task. Besides, Sub-pixel convolution, originally
designed for SR image reconstruction tasks, aligns best with
the objectives of SR IQA.
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TABLE XIV

THE PERFORMANCE FOR CROSS-DATABASE EVALUATION, WHERE THE
BEST AND SUBOPTIMAL PERFORMANCE VALUES ARE

IN RED AND BLUE, RESPECTIVELY

TABLE XV

THE PERFORMANCE OF COMMON NR-IQA EVALUATION, WITH THE BEST
AND SUBOPTIMAL PERFORMANCE VALUES HIGHLIGHTED IN RED AND

BLUE, RESPECTIVELY. THE FLOPS IS CALCULATED WITH
INPUT TENSOR SHAPE 3 × 512 × 512

I. Cross-Database Evaluation

We conduct cross-database tests to validate the general-
ization performance of our proposed PBAN and five deep
learning-based comparison methods. In practice, we train
algorithms on one database and test them on the other. We
present SRCC, KRCC, and PLCC results of the cross-database
tests in TABLE XIV, where the best and second-best results
are labeled in red and blue, respectively. TABLE XIV reveals
that PBAN achieves desirable generalization performance on
benchmark SR-IQA databases, even when training on a small
database (QADS) and testing on the relatively larger database
(CVIU).

J. Validity on Common IQA

TABLE XV compares the performance of advanced com-
mon IQA methods on the CLIVE [72] and KonIQ-10K [73]
databases, following the protocol of TOPIQ [66], evaluated
by parameters (Params), computational complexity (Flops),
and correlation metrics (PLCC and SRCC). We replaced the
Bi-Atten with self-attention to form the PBA-NR block. The
PBAN-NR utilizes a single branch (four stacking PBA-NR
blocks) to take distorted images as input and predict quality
without reference information. The results demonstrate that the
PBAN-NR model, with the smallest parameter size (1.598M)
and relatively low computational cost (46.632G), achieves
the best or second-best performance across both databases.
Furthermore, compared to models with significantly larger
parameter sizes, such as HyperIQA and TReS, PBAN-NR
strikes a better balance between efficiency and performance.

VI. CONCLUSION

In this paper, we propose a deep learning-based SR FR-
IQA method called PBAN, following the inspiration from
the attention characteristic, hierarchy, and spatial frequency
sensitivity of the HVS. Motivated by the generation and
evaluation processes of SR distortion, we introduce Bi-Atten.
This creates a novel attention mechanism for paying visual
attention to distortion in an iterative manner. To provide the
perception of distortion by utilizing the adaptive dense spatial
prediction advantages of deformable convolution, we propose
GMDC that balances multi-scale modeling and computational
complexity. Inspired by sub-pixel methods in the field of
camera imaging, we design SubEC to further refine the per-
ception by focusing on mining finer distorted information.
Experimental results demonstrate that our proposed PBAN
effectively provides visual perception to SR distortion and
surpasses existing state-of-the-art quality assessment methods.

In the future, we plan to construct a large-scale SR quality
database containing the latest SR models (e.g., GAN-based
methods and diffusion model-based methods) to enhance the
generalization of SR IQA methods. Moreover, we will design
specific SR quality metrics for videos and develop quality-
driven SR algorithms.
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