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Abstract: This paper proposes a smartphone image quality assessment method that combines the Swin-AK
Transformer based on alterable kernel convolution and manual features based on dual attention cross-fusion.
Firstly, manual features that affected image quality were extracted. These features could capture subtle visual
changes in images. Secondly, the Swin-AK Transformer was presented and it could improve the extraction and
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processing of local information. In addition, a dual attention cross-fusion module was designed, integrating spatial

attention and channel attention mechanisms to fuse manual features with deep features. Experimental results show

that the Pearson correlation coefficients on the SPAQ and LIVE-C datasets reached 0.932 and 0.885, respectively,

while the Spearman rank-order correlation coefficients reached 0.929 and 0.858, respectively. These results

demonstrate that the proposed method in this paper can effectively predict the quality of smartphone images.

Keywords: image quality assessment; smartphone image; Swin Transformer; manual features; spatial attention;

channel attention
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Fig. 1 Overall structure diagram of the proposed method
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(B 5390 0.932 F1 0929, 3% & BH AR S 2% 78 Fl i
PG 5 1t 7 T EL A O g (A AR DG R — B, Re A T
B b S e T P4, BRAh, AR SR SEGR 450
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A1 KXk SPAQ #4E & L5 ¥ 7 ik ehstit

Table 1 Comparison of the proposed method with other methods on
the SPAQ dataset

W, ARSOOTIERIBEE N bR LIRS, PLCC
FIE AT SROCC [{E 551k 0.885 F1 0.865, X FRAAAR
ST IEAEA B T BA B3 i v iz fh g

F2 52 5 BLINDS-II, DIIVINE X Piff{L 45 (0 o 5%
JEE PN A, AR SO PLCC Al SROCC 43
SRR T 0.388 A1 0.409, 0.328 Al 0.352, X FHHA
SCHE AR SO AR e LA MR T i T 55
T HAT B

3.4 HELKIE

R T PEU AR SO A A A BRI AR Y A A P
fEF=H s, A SCTE SPAQ BUlR4E itk T T — &%)
AITH RS, SEER A IRAN L 3 R .

MWFE3TLIE S, B9, LR Swin Transformer
BERILE SPAQ %4k % [ 19 PLCC F1 SROCC 453 Jil]

k2 AX Gkt LIVE-C #48% L5 A 77 ikeyatib
Table 2 Comparison of the proposed method with other methods on
the LIVE-C dataset

Methods PLCC SROCC
BLINDS-II®" 0.539 0.478
DIIVINE?? 0.603 0.596
BRISQUE™ 0.817 0.828
CORNIAP 0.724 0.709
IL-NIQE®” 0.704 0.695
HOSA® 0.824 0.817
DIQaM-NR?" 0.836 0.824
WaDIQaM-NR?" 0.843 0.821
TS-CNNP? 0.811 0.801
TReS™ 0.911 0.902
DB-CNN®” 0.913 0.909
HyperlQA™" 0.919 0.916
CaHDC® 0.841 0.833
ResNet50" 0.909 0.908
MT-A" 0.916 0.916
MuSIQ¥ 0.921 0.917
DACNN® 0.921 0.915
Re-IQA™ 0.925 0.918
DEIQT®” 0.923 0.919
LoDa" 0.928 0.925
Ours 0.932 0.929

Methods PLCC SROCC
BLINDS-II?" 0.497 0.456
DIIVINE®? 0.557 0.513
BRISQUE™ 0.637 0.616
CORNIA® 0.659 0.617
IL-NIQE®*! 0.516 0.539
HOSA 0.691 0.674
DIQaM-NR?" 0.645 0.633
WaDIQaM-NR?" 0.692 0.669
TS-CNN¥? 0.667 0.655
TReS* 0.877 0.846
DB-CNN®? 0.859 0.852
HyperlQA®" 0.870 0.855
CaHDC™ 0.738 0.734
MusIQ? 0.875 0.862
DACNN® 0.882 0.861
Re-1QA™ 0.854 0.84
Ours 0.885 0.865

23 Hmiibeys R

Table 3 Results of the ablation experiment

Model PLCC SROCC
Swin Transformer 0.921 0.918
Swin-AK Transformer 0.923 0.920
Manual features+Swin Transformer 0.924 0.922
Manual features+Swin-AK Transformer 0.929 0.925
Ours 0.932 0.929
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Fig. 14 Comparison of attention heatmaps between Swin Transformer and Swin-AK Transformer
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Fig. 15 MOS values of images in the SPAQ dataset and the quality prediction values of the proposed method
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Fig. 16 MOS values of images in the LIVE-C dataset and the quality prediction values of the proposed method
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Smartphone image quality assessment method
based on Swin-AK Transformer

Hou Guopeng, Dong Wu', Lu Likun, Zhou Ziyi, Ma Qian, Bai Zhen, Zheng Shenghui
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Overview: With the extensive use of smartphones, users’ expectations for smartphone image quality have risen
significantly. However, due to limitations in camera hardwares, smartphones often face constraints in light capture,
especially in complex or low-light scenarios, which can lead to image quality degradation. Existing no-reference image
quality assessment (IQA) algorithms frequently show limitations when handling smartphone-captured images,
motivating the development of a more accurate quality evaluation method. This study proposes an approach based on
manual features and a Swin-AK Transformer with dual cross-attention fusion, designed to assess smartphone image
quality with greater precision. First, manual features affecting image quality are extracted, guided by the human visual
system, enabling the capture of subtle visual variations such as color, contrast, and texture, which enhances the model’s
sensitivity to image quality. To further improve the discriminative power for image quality assessment, ResNet50 is
introduced after manual feature extraction to establish a nonlinear mapping between manual features and image quality.
This process transforms initial low-level features into more representative high-level features, allowing for a more
comprehensive expression of image content. Subsequently, the study introduces the Swin-AK Transformer, which
utilizes a self-attention mechanism to capture local image features, thereby enhancing the model’s capability to
recognize and process local information in smartphone images. This method effectively adapts to the unique
characteristics of smartphone images, offering robust handling of intricate details. Additionally, a dual cross-attention
fusion module is designed to integrate manual and deep features efficiently. The module combines spatial and channel
attention mechanisms: spatial attention aids the model in focusing on key areas within the image, while channel
attention optimizes feature representation by adjusting the weights of each channel. As a result, the fused features reflect
both global image information and local detail variations, aligning well with the human visual system’s natural
perception of image quality. Experiments were conducted on two public datasets, SPAQ and LIVE-C, to evaluate the
proposed model. The results demonstrate the model’s superior performance in image quality prediction, achieving
Pearson correlation coefficients of 0.932 and 0.885 and Spearman rank correlation coefficients of 0.929 and 0.858 on the
SPAQ and LIVE-C datasets, respectively. These outcomes validate the proposed method’s effectiveness in smartphone
image quality assessment tasks, showcasing improved sensitivity to quality changes and excellent accuracy and
robustness.
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