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Abstract: Defect detection in thin film transistor-liquid crystal display (TET-LCD) circuits is a challeng-
ing task because of the complex background setting, different types of defects involved, and real-time de-
tection requirements from industry. Traditional methods have difficulties in satisfying the dual require-
ments of detection speed and accuracy. To address this challenge, in this study, a deep learning method is
developed for image classification based on the Swin Transformer technique. First, token merging is used
to reduce the computational complexity of each layer of the model, thus improving computation efficiency.

Then, a depthwise separable convolution module is introduced to add convolutional bias to reduce the reli-
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ance on massive data. Finally, a knowledge distillation method is applied to overcome the problem of re-

duced detection accuracy caused by the less-intensive computation design. Experimental results on the self-

made dataset demonstrate that the proposed method achieves a 2.6 G FLLOPs reduction and a 17% speed

improvement compared to baseline models, with only a 1. 3% Top-1 accuracy precision reduction. More

importantly, the proposed model achieves better balance on accuracy and detection speed on both self-

made and public datasets than existing mainstream models on image classification in the TFT-LCD manu-

facturing industry.

Key words: Thin Film Transistor Liquid Crystal Display (TET-LCD) ; transformer; image classifica-

tion; computer vision
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Tab.1 Results of parameter n affects experiments

n Top-1 Acc FLOPs/G i/(mes™ ")
0 94.0 17.5 51.42
1 92.1 16.3 54.49
2 90. 6 14.7 61.92
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Fig. 8 Different effect of the parameters T on the model
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Tab.2 Results of ablation experiments

Model Top-1 Ace/% Precision Recall F, FLOPs/G i/(mes™")
Swin-T 94.0 0.9354 0.9356 0.9355 17.5 51.42
+ Token merging 90.6 0.900 2 0.9018 0.9010 14.7 61.92
+DW 91.2 0.9138 0.8913 0.902 4 14.9 60.43
+KD 92.7 0.916 5 0.905 6 0.9110 14.9 60.43
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Fig. 10 Comparison of detection performance between ResNet-34 model and the improved model
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Tab.3 Results of comparison experiments

Model Top-1 Ace/% FLOPs/G i/(mes ")

Resnet-34 87.4 14.6 68.97
DenseNet169 91.1 13.7 32.72
EffecientNet-v2 90.6 11.6 28.57
MobileViT-v2 90.5 9.8 73.95
ConvNext-T 95.1 17.8 50. 36
EVAO02 95.8 87.5 10. 62
Ours 92.7 14.9 60. 43
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Tab.4 Resultsofcomparisonexperimentsonpublicdataset

) Top-1  Params/ FLOPs/
Model Size

Ace/% M G

EVA-G/14 336 89.5 1013.01  445.56
ViT-H/14 336 88.6 632. 46 363. 64
ConvNext-X1. 384 87.7 350. 20 179.03
Swin-L 384 87.1 196. 74 100. 28
ResNet-101d 320 83.0 44.57 23.82
MobileViT-v2 384 82.9 14. 25 12.35

EffecientNet-v2 288 82.2 13.65 8. 16
Ours 384 83.3 27.50 13. 89
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Fig. 11 Detection results of the modified model
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