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Abstract. Assessing the quality of super resolution (SR) image is one of the most significant issues for SR, 
existing no-reference quality assessment methods ignore contextual relationships among different regions of 
SR images. Therefore, this paper proposes a global feature learning based no-reference quality assessment 
method for SR image. First, stacked vision transformers are applied to extract the global features and to learn 
contextual relationships. Then, adaptive weight strategy is designed to pool the global features and to predict 
the quality score, which could further improve the prediction accuracy. Finally, experimental results indicate 
that the proposed method outperforms state-of-the-art methods in terms of prediction accuracy on benchmark 
datasets. 
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1   Introduction

Super Resolution (SR) reconstruction algorithm reconstructs blurry low resolution images into high-resolution 
images with rich details, which has been widely used in fields such as facial recognition, small object detection, 
medical imaging, and remote sensing image analysis [1, 2]. However, assessing the quality of SR images and 
the superiority of SR algorithms is one of the most significant issues for SR. Even though the final recipients 
of super-resolved images are human observers, subjective image quality assessment (IQA), which is costly and 
time-consuming, is not beneficial for evaluating an SR system or optimizing the associated parameters [3].

Recently, researchers are focusing on creating computational models to automatically assess the perceptual 
quality of SR images. In general, full-reference (FR), reduced-reference (RR), and no reference (NR) metrics are 
the three main categories into which the current objective IQA can be divided. Since the NRIQA methods don’t 
depend on any information from the source images, they are more important for SR in real-world applications 
than the FRIQA and RRIQA methods.

Fundamentally, NR-SRIQA methods develop a computational model to predict the quality of a given SR im-
age after first extracting the statistical data. Numerous NR-SRIQA methods have been put out based on this con-
cept. Ma et al. [17] proposed extracting frequency and spatial features of SR images, and establishing a mapping 
relationship between perceptual features and quality scores using random forest regression and ridge regression. 
Chen et al. proposed using two parallel AlexNet networks to extract discriminative features from structural and 
texture maps, and using fully connected layers to predict quality scores [7]. Some researchers quantified the 
distortion of SR images by using two different sub networks to learn low-level and intermediate features of SR 
image [8]. Zhang et al. used a triple attention mechanism to learn the correlation between spatial and channel 
dimensions in SR images, and constructs a multi-scale module to capture features at different scales, thereby fur-
ther improving the prediction accuracy of image quality scores [9]. 

However, existing NR-SRIQA methods mainly focus on extracting local features (e.g. frequency and spatial 
feature in [17], structure and texture feature in [7]), ignoring contextual relationships among different regions of 
SR images, causing that the consistency of subjective perceived quality and expected quality can still be greatly 
improved. 

The main contributions of this paper are as follows. Firstly, a global feature learning based NR-SRIQA meth-
od is proposed, containing two stage: global feature learning and adaptive feature pooling. For global feature 
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learning, stacked vision transformer is introduced to extract global feature, considering that the extracted quality 
aware features may gradually disappear during deep network propagation, multi encoding features of the vision 
transformer blocks are connected. Then, an adaptive weighting strategy is proposed to establish a mapping rela-
tionship between visual perception features and quality scores, to better simulate the visual characteristics of the 
human visual system. Finally, experimental results show that compared with state-of-the-art methods, the pro-
posed method could achieve the best performance in terms of different evaluating indicators on multi benchmark 
datasets.

The rest of this paper is organized as follows. Section 2 provides a brief review of related works. Section 3 
presents the proposed method. Section 4 shows the experimental results. Section 5 concludes this paper.

2   Related Work

No-reference quality assessment for general natural image (NR-GNIQA). There are mainly two types of NR-
GNIQA methods: traditional methods and learning methods. Traditional methods seek to assess visual distortion 
by creating appropriate manual feature extractors. Saad et al. [11] employed a basic Bayesian model to predict 
mass fractions, where discrete cosine transform (DCT) coefficients are used to represent perceptual features. Liu 
et al. [10] used the local spatial and spectral entropy properties to create the NR-IQA method SSQ. Learning 
methods have been progressively developed in recent years, the mapping relationship between input images and 
quality scores is automatically learned using deep neural networks. Kang et al. [12] presented the first end-to-
end NR-GNIQA method based on CNN. Yan et al. [14] extracted features from both original image and gradient 
image using dual-stream network, to better collect rich quality perception data.

Reference quality assessment for super resolution image (R-SRIQA). R-SRIQA includes full reference 
methods (FR-SRIQA) and reduce reference methods (RR-SRIQA). For FR-SRIQA, Zhou et al. [8] took into ac-
count both the texture and the structure components of SR images, obtaining the final quality score by comparing 
the structural component similarity and texture distribution variation. Zhou and Wang [3] used content-adaptive 
weighting system to merge statistical fidelity, and predicted the scores using statistical fidelity models. For RR-
SRIQA, Yeganeh et al. [19] developed a statistical model based on spatial continuity statics, dominant orienta-
tion statics and frequency energy statics. Zhao et al. [20] present an end-to-end RR-SRIQA method called DISQ, 
which used a dual-flow deep neural network to extract features.

No-reference quality assessment for super resolution image (NR-SRIQA). In the early days, Ma et al. [17] 
proposed the first NR-SRIQA method, extracted three types of low-level statistical features in the frequency and 
spatial domains to measure SR resolved artifacts, developed a two-stage regression model to predict the quality 
scores. Afterwards, Zhou et al. [6] thought that SR resolved images contain both structure and texture quality 
degradation, thus used two parallel AlexNet networks to extract discriminant characteristics from texture and 
structural maps, each network is different from the classification-based structure. Recently, Zhou et al. [5] con-
sidered that multi-source information of SR images is unequal, which is not beneficial to extract supplementary 
perceptual characteristics, thus developed a two-stream convolutional network (JCSAN) for NR-SRIQA. More 
recently, Zhang et al. [4] found that previous methods disregard the interaction between various dimensions, so 
designed a triple attention dual-scale residual network (TADSRNet) to learn the association between spatial di-
mension and channel dimension, and multi-scale modules was built to capture multi-scale features, which further 
improved the prediction accuracy of image quality scores.

In summary, exiting NR-SRIQA methods focus on utilizing different networks (e.g. AlexNet, CNN, residual 
network) to extract local features (e.g. frequency and spatial feature, structure and texture feature) which are re-
lated to human visual system. However, these methods ignore contextual relationships among different regions of 
SR images, thereby restricting the enhancement of the quality prediction ability. Therefore, in this paper, we pro-
pose a global feature learning based NR-SRIQA method. Compared with existing NR-SRIQA methods, the pro-
posed method focuses on extracting global features rather than local features, utilizes stacked vision transformers 
to learn contextual relationships among different regions of SR images, improving quality prediction accuracy.

3   The Proposed Method

The framework of the proposed method is shown in Fig. 1, which consists of two modules: feature extraction 
module and feature pooling module. In the feature extraction module, a feature extraction network based on 
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stacked Vision Transformer (ViT) was designed to learn global fine-grained features of super-resolution images. 
In the feature pooling module, an adaptive weighting mechanism is designed to predict the final quality score.

Fig. 1. Framework of the proposed method

3.1   Feature Extraction and Fusion

We stack five vision transformer encoding blocks to learn the global features of super-resolution images. The in-
ternal structure of the vision transformer encoding block is shown in Fig. 2. 

The input SR image is first processed through a large convolution kernel to obtain multiple image block patch-
es, which are then transformed into vector representations through linear mapping. Then, the position vector is 
added to the feature vector through position encoding, to preserve the position information of the image block. 
Finally, the obtained embedding vector is used as input to the encoder. The encoder contains multi head self-at-
tention and multi-layer perceptron, calculated as

( )( )
( )( )
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where fi (i =1,2,3,4,5) represents the output features obtained by each encoding block, MSA represents the multi 
head self-attention mechanism, LN represents layer normalization, and MLP is a multi-layer perceptron com-
posed of feed forward neural networks. Vision transformer’s self-attention mechanism is primarily responsible 
for its ability to learn the global features, it enables each picture block to communicate with other picture blocks 
and calculate the similarity. This similarity is determined based on the semantic correlation between image 
blocks, not limited by specific positions or distances.
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Position encoding records the sequential correlation between sequence data. Compared to RNN sequential 
input, transformer can directly input data in parallel and store the positional relationship between data, greatly 
improving computation speed and reducing storage space. In addition, as the network deepens, the distribution of 
data will constantly change. In order to ensure the stability of data feature distribution, layer regularization (1ayer 
normalization) is introduced to reduce information loss, and make the training of deep neural networks smoother.

Fig. 2. Internal structure of vision transformer encoding block

Moreover, vision transformer encoder applies multi-head attention, in the case where the overall number of 
parameters remains unchanged, the query, key, and value parameters are split multiple times, and each split pa-
rameter is mapped to different subspaces in a high-dimensional space to calculate attention weights and focus on 
different parts of the input. After multiple parallel calculations, the attention information from all subspaces is 
finally merged, as shown in equation (2).

1 2( , , ) ( , ,..., )
( , , )                                
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where W o, , ,Q K V
i i iW KW VWQ  are parameter matrix during linear transformation.

Due to the different distributions of attention in different subspaces, multi head attention is actually searching 
for correlations between input data from different angles, which can encode multiple relationships and subtle dif-
ferences. Its structure is shown in Fig. 3.
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Fig. 3. Multi-head attention

The calculation process of self-attention mechanism includes three steps. The first step: perform linear trans-
formation on the input sequence to obtain three feature maps: query, keyword, and value. The second step: use 
the inner product of query and keyword to calculate attention weights. The third step: weight and sum the values 
based on attention weights to obtain the final feature representation. Therefore, the self-attention mechanism al-
lows different regions in the image to interact with each other, thereby capturing the contextual dependencies of 
the image.

On the other hand, considering that the extracted quality aware features may gradually disappear during deep 
network propagation, we connect the output features of the first five encoding blocks instead of using only the 

last encoding block of the vision transformer, as shown in equation (2), where if̂  represents the output features 

of the encoding block after discarding class labels, C=768, N=196, N represents the number of image blocks ob-
tained through convolution operation, and C represents the vector length obtained after flattening the input image 
block.

( ) 5ˆ̂̂̂̂' N C
global 1 2 3 4 5F Concat f , f , f , f , f ×= ∈ℜ   (2)

Then, we reconstruct the concatenated feature sequence '
globalF  into globalF , as shown in 

( ) 5' N N C
global globalF Reshap F × ×= ∈ℜ  (3)

To demonstrate the feature extraction effect of the stacked visual transformer, we visualize the attention map, 
as shown in Fig. 4. Fig. 4(a) represents the original image, Fig. 4(b) represents the attention map of the stacked 
visual transformer, and red indicates that the network model pays more attention to the region. It can be seen that 
stacked visual transformers can effectively extract global semantic features of images.

3.2   Feature Pooling

The feature pooling module is shown in Fig. 5. Concretely, we propose an adaptive weighting strategy to es-
tablish a mapping relationship between visual perception features and quality scores, in order to better simulate 
the visual characteristics of the human visual system. This module obtains a score map and a weight map with a 
shape of C × H × W through two independent linear projections, where C=1 and H and W are both 14. The val-
ues contained in the score graph represent the quality scores of image blocks in different regions, and the score 
weights of image blocks are represented in the weight graph.
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                                                        (a) original image                                     (b) heat map

Fig. 4. Stacked visual transformer attention map visualization

The weighted sum of two feature maps can obtain the final image quality prediction score, as shown in equa-
tion (4), where s represents the score map matrix and w represents the weight map matrix. Examples of the 
weight maps are shown in Fig. 6. We can see that larger weights are assigned to the textured regions, which are 
more important in the perception of image quality.

Fig. 5. Feature pooling module

∑
∗

=
w
ws

predQ  (4)

In addition, the proposed method optimizes the network model parameters by minimizing the MSE loss 
during the training process, as shown in the following equation, where N represents the batch size during train-
ing, ipredQ ,  and Qgt,i represent the predicted score and true score of the i-th image in each batch during training, 
respectively.
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                                                   (a) Original image                                         (b) Weight map

Fig. 6. Adaptive weight map

3.3   Summary

The overall learning algorithm of the proposed method could be summarized as Algorithm 1. The super reso-
lution images and real quality scores are used as input, the vision transformer is initialized with pre-trained pa-
rameters, for every batch during each epoch, the global features will be extracted and features from multi vision 
transformers are fused, score map and weight map are generated and the final score is obtained by equation (4). 
The loss function is calculated using the difference two norm, backpropagation uses Adam optimizer.

Algorithm 1. Learning algorithm of proposed method
Input: Super resolution images, corresponding real quality scores Qgt

Output: Predicted quality scores Qpred

Number of epoch: Nepoch

Number of batches: Nbatch

1: Initialize Vision Transformer with pre-trained parameters

2: for 1 ≤ i ≤ Nepoch do  

3:   for 1 ≤ j ≤ Nbatch do  

4:       Extract the global features Fglobal

5:       Concat all the features from multi vision transformers

6:       Generate score map(S) and weight map(W)

7:       Use equation (4) to calculate Qpred

8:   end for

9: end for

10: L = ||Qpred – Qgt||

11: Backpropagation with Adam optimizer

12: Updating the model parameters

4   Experimental Result

4.1   Experimental Design

Dataset. We use two SR-IQA super-resolution image quality evaluation datasets, CVIU-17 [5] and QADS [10], 
for training and testing. In addition, we also conducted cross dataset experiments using the SISRSet [18] small-
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scale dataset to further validate the generalization ability of our method, as shown in Fig. 7. CVIU-17 contains 
1620 images generated by 8 super-resolution algorithms, 6 scaling factors, and bicubic interpolation crossover. 
QADS contains 980 SR images generated by 21 methods with 3 scaling factors. SISRSet contains 360 SR imag-
es generated by 8 super-resolution algorithms and 3 scaling factors. Our experiment randomly selects 80% of the 
dataset for training and 20% for testing, with no overlap between the training and testing sets.

Fig. 7. Ground-truth images set for SISR subjective evaluation tests

Parameter. As ViT-B/16 is used as the backbone network for our method, it is necessary to randomly crop 
the input image to a size of 224 × 224 during the image preprocessing stage. During the training process, random 
level flipping is used to enhance the model’s generalization ability. During the testing process, 20 image blocks 
of size 224 × 224 were randomly cropped from the input image, and their average score was used as the final 
image quality prediction score. In specific implementation, the AdamW algorithm is used to optimize network 
parameters, and the initial learning rate is set to 10-4, weight decay is set to 10-5, batch size is set to 8, and the 
number of training cycles is set to 200. The network model is trained on NVIDIA GeForce RTX 3090 GPU.

Indicator. We use four quantitative indicators to evaluate the performance of the method, including Spearman 
Order Correlation Coefficient (SROCC), Kendall Order Correlation Index (KROCC), Pearson Linear Correlation 
Coefficient (PLCC), and Root Mean Square Error (RMSE) [5]. SROCC performs linear correlation analysis on 
the rank size of two target arrays, with values ranging from 0 to 1, and the larger the value, the greater the cor-
relation. KROCC, like SROCC, is used to measure the monotonicity of model prediction results, with higher val-
ues indicating better correlation. PLCC describes the linear correlation between two sets of data, with a range of 
-1 to 1. A value of 0 indicates that the two sets of data are completely unrelated, while a value of 1 or -1 indicates 
that the two sets of data are completely related. RMSE is used to evaluate the consistency of model predictions, 
with smaller values indicating better algorithm performance.

Comparison. Our method is compared with 10 no-reference image quality assessment methods, including 
methods for naturally distorted images (BLINDS-II [11]\SSEQ [10]\CNN [12]\CNN+ [13]\Two Stream [14]\
DBCNN [15]\ HyperIQA [16]) and methods for SR distorted images (Ma [17]\JCSAN [5]\TADRNet [4]). 
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Where, Ma [24] extracts the frequency and spatial features of super-resolution images, and uses random forest 
regression and ridge regression to establish the mapping relationship between perceptual features and quality 
scores. JCSAN [19] quantified the distortion of super-resolution images by using two different sub-networks to 
learn low-level and mid-level features of the images. TADSRNet [4] uses a triple attention mechanism to learn 
the correlation between spatial and channel dimensions in super-resolution images, thereby improving the pre-
diction accuracy of image quality scores.

4.2   Model Accuracy and Complexity

By applying different methods on the CVIU-17 dataset for SR image quality assessment, the performance dif-
ferences of each IQA approach can be inferred through comparisons using a variety of evaluation measures. 
The comparative data in the Table 1 shows that the quality prediction accuracy of the proposed method on the 
SROCC metric reaches 0.9751, which is 0.0235 higher than that of the best NR-SRIQA method TADSRNet and 
0.0286 higher than that of the best NR-GNIQA method DBCNN; furthermore, the quality prediction accuracy 
of the proposed method on the RMSE metric reaches 0.4900, which is 0.2869 better than that of the best NR-
SRIQA method JCSAN and 0.3489 better than the best NR-GNIQA method DBCNN.

Table 1. Performance comparison of different methods on CVIU-17 dataset

Method SROCC↑ PLCC↑ KROCC↑ RMSE↓
BLINDS-II [11] 0.8983 0.8921 0.7252 1.2621

SSEQ [10] 0.8854 0.8832 0.7013 1.1087
CNN [12] 0.9226 0.9364 0.7599 0.9494

CNN++ [13] 0.9312 0.9307 0.7710 0.9874
Two-Stream [14] 0.9424 0.9423 0.7931 0.9645

DBCNN [15] 0.9465 0.9509 0.8021 0.8389
HyperIQA [16] 0.9327 0.9284 0.7717 1.0166

Ma [17] 0.9139 0.9258 0.7531 0.8833
JCSAN [5] 0.9490 0.9565 0.8080 0.7769

TADSRNet [4] 0.9516 0.9585 0.8120 0.7966
Proposed 0.9751 0.9795 0.8713 0.4900

By applying different methods on the QADS dataset for SR image quality assessment, the performance dif-
ferences of each IQA approach can be inferred through comparisons using a variety of evaluation measures. 
The comparative data in the Table 2 shows that the quality prediction accuracy of the proposed method on the 
KROCC metric reaches 0.9776, which is 0.0133 higher than that of the best NR-SRIQA method TADSRNet and 
0.0549 higher than that of the best NR-GNIQA method DBCNN; furthermore, the quality prediction accuracy 
of the proposed method on the RMSE metric reaches 0.0628, which is 0.0018 lower than that of the best NR-
SRIQA method JCSAN and 0.0293 lower than the best NR-GNIQA method DBCNN.

Table 2. Performance comparison of different methods on QADS dataset

Method SROCC↑ PLCC↑ KROCC↑ RMSE↓
BLINDS-II [11] 0.8889 0.8838 0.7100 0.1437

SSEQ [10] 0.8679 0.8643 0.6887 0.1502
CNN [12] 0.9533 0.9502 0.8114 0.0943

CNN++ [13] 0.9525 0.9509 0.8160 0.0932
Two-Stream [14] 0.9541 0.9584 0.8192 0.1047

DBCNN [15] 0.9575 0.9449 0.8200 0.0921
HyperIQA [16] 0.9541 0.9568 0.8151 0.0986

Ma [17] 0.8954 0.8964 0.7280 0.1174
JCSAN [5] 0.9705 0.9734 0.8576 0.0646

TADSRNet [4] 0.9720 0.9742 0.8616 0.0671
Proposed 0.9763 0.9776 0.8749 0.0628

According to the experimental results in Table 1 and Table 2, we can see that the proposed method obviously 
outperforms other NR-SRIQA methods in terms of different evaluating metrics, because other NR-SRIQA meth-
ods focus on learning local features (frequency feature and spatial feature in Ma [17], prominent feature and edge 
feature in JCSAN [5], multi-scale spatial features in TADSRNet [4]), while the proposed method could capture 
the contextual relationships among different regions of SR images, which is unavailable to other NR-SRIQA 
methods. Besides, generally NR-SRIQA methods (the last four methods in Table 1 and Table 2) have better per-
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formance than NR-GNIQA methods (the first seven methods in Table 1 and Table 2), which verifies that simply 
applying NR-GNIQA methods to SR images will significantly reduce model performance.

To further demonstrate the superiority of our proposed method, Fig. 8 and Fig. 9 show scatter plots of MOS 
values versus the predicted scores by eight compared quality metrics on two databases following linear fitting. 
The horizontal axis shows the image MOS values, while the vertical axis corresponds to the predicted scores. If 
the distribution is compact with the fitted straight line and the line is near the diagonal, then the quality metric 
closely reflects the subjective quality. The scatter plots show that, in comparison to other methods under compar-
ison, our method’s anticipated objective quality ratings have a more consistent correlation with the MOS scores. 
In other words, the quality assessment results of our method are consistent with the perception of the human vi-
sual system.

Fig. 8. Scatter plot of the correlation between predicted scores and MOS values on CVIU-17 dataset

Fig. 9. Scatter plot of the correlation between predicted scores and MOS values on QADS dataset

To show the accuracy and complexity of the proposed method, Fig. 10 compares the computational complex-
ity and prediction accuracy of eight IQA methods with superior accuracy on QADS dataset, where Fig. 10(a) 
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uses model parameters (Params) to represent computational complexity, uses SROCC to represent prediction 
accuracy, Fig. 10(b) uses floating-point operands (FLOP) to represent computational complexity, uses SROCC to 
represent prediction accuracy. For better visualization, the X-axis is scaled using logarithmic coordinates. We can 
see from that among all the IQA methods, our proposed method could achieve the best prediction accuracy (close 
to 0.98), obviously better than the second best method TADRNet (close to 0.97), meanwhile the computational 
complexity of our proposed method is a little higher than average level of all methods. 

Fig. 10. The relationship between model complexity and performance on QADS dataset

4.3   Cross Validation

To further validate the generalization ability of our method, cross validation experiments were conducted across 
datasets on CVIU-17, QADS, and SISRSet, and experimental results are shown in Table 3 and Table 4. 

By training IQA methods on the CVIU-17 dataset and testing IQA methods on SISRSet and QADS, one cross 
validation experiment was conducted and the results are shown in Table 3. We can see that on testing dataset 
SISRSet, the quality prediction accuracy of the proposed method on the SROCC metric reaches 0.8519, which is 
0.0147 higher than that of the second best IQA method DBCNN; furthermore, on testing dataset QADS, the qual-
ity prediction accuracy of the proposed method on the KROCC metric reaches 0.6496, which is 0.0336 higher 
than that of the second best IQA method DBCNN. In summary, our method could achieve optimal performance 
on two test datasets.

Table 3. CVIU-17 for training, SISRSet and QADS for testing

Method SISRSet QADS
SROCC↑ KROCC↑ SROCC↑ KROCC↑

Two-Stream [14] 0.7952 0.5974 0.6619 0.4750
DBCNN [15] 0.8372 0.6430 0.8087 0.6160

HyperIQA [16] 0.7749 0.5756 0.7687 0.5730
JCSAN [5] 0.7549 0.5733 0.7020 0.5298

TADSRNet [4] 0.8183 0.6265 0.7390 0.5465
Proposed 0.8519 0.6550 0.8404 0.6496

By training IQA methods on the QADS dataset and testing IQA methods on SISRSet and CVIU-17, the other 
one cross validation experiment was conducted and the results are shown in Table 4. We can see that on testing 
dataset SISRSet, the quality prediction accuracy of the proposed method on the SROCC metric reaches 0.9118, 
which is 0.0107 lower than that of the best IQA method TADSRNet; furthermore, on testing dataset CVIU-17, 
the quality prediction accuracy of the proposed method on the KROCC metric reaches 0.6435, which is 0.02 
higher than that of the second best IQA method HyperIQA. In summary, compared with other IQA methods, the 
proposed method could stably achieve near optimal performance. 
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Table 4. QADS for training, SISRSet and CVIU-17 for testing

Method SISRSet CVIU-17
SROCC↑ KROCC↑ SROCC↑ KROCC↑

Two-Stream [14] 0.9010 0.7296 0.5819 0.4165
DBCNN [15] 0.6769 0.4876 0.6533 0.4595

HyperIQA [16] 0.8075 0.6160 0.8095 0.6235
JCSAN [5] 0.9036 0.7345 0.6305 0.4629

TADSRNet [4] 0.9225 0.7583 0.6574 0.4894
Proposed 0.9118 0.7403 0.8324 0.6435

4.4   Ablation Experiment

In the proposed method, there are two major components contained, namely ViT module and adaptive pooling 
module. To further examine the contribution of each component in our method, we conduct a series of ablation 
studies to verify their merits. Tables 5 reports the ablation results, notation “w/o adaptive pooling” means remov-
ing the adaptive weight strategy from the proposed method, notation “w/o ViT” means replacing ViT blocks with 
CNN blocks from the proposed method. Based upon the results presented in the tables, one can see that when 
removing the adaptive weight strategy, SROCC value of the proposed method decreases from 0.9763 to 0.9460, 
PLCC value of the proposed method decreases from 0.97776 to 0.9482. The fact confirms that the adaptive pool-
ing strategy can effectively improve the performance of our method. Moreover, when replacing ViT blocks with 
CNN blocks, KROCC value of the proposed method decreases from 0.8749 to 0.8550, RMSE value increases 
from 0.0628 to 0.0942. The fact verfies that the ViT module also benefits to the improvement over the prediction 
accuracy. In terms of above compared results, one can conclude that each component involved in the proposed 
method contributes to more accurate mapping from SR images to perceptual quality scores.

Table 5. Ablation experiment on QADS dataset

Method SROCC PLCC KROCC RMSE
Proposed 0.9763 0.9776 0.8749 0.0628

w/o adaptive pooling 0.9460 0.9482 0.8068 0.0968
w/o ViT 0.9704 0.9707 0.8550 0.0942

5   Conclusion

Due to the complicacy of super-resolution reconstruction methods, it is difficult to accurately assess the quality 
of SR reconstructed images. The fundamental reason is that it is hard to comprehensively learn image features 
related to visual characteristics. This paper uses a stacked visual transformer to extract global features of su-
per-resolution images, to learn contextual relationships among different regions, Besides, adaptive weight feature 
pooling strategy is designed to better simulate the visual characteristics of the human visual system.

However, during the ablation study, it was found that when replacing ViT with CNN, though KROCC and 
RMSE metrics degrade obviously, SROCC and PLCC metrics are almost unchanged. This phenomenon indicates 
that CNN blocks perhaps play an important role as well to accurately map from SR images to perceptual quality 
scores. Therefore, in our future work, we consider applying two-branch based NR-SRIQA framework, containing 
ViT branch and CNN branch, to extract global feature and local feature respectively. Besides, the computational 
complexity of the proposed method is generally higher than other NR-SRIQA methods, thus we will also study 
the lightweight of ViT blocks in the future, to reduce the computational cost.
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