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Abstract: Aiming at the problems of the limitation of obtaining global features in image recognition
and the difficulty in improving recognition accuracy, we proposed an image recognition method based
on the lightweight model of random augmentation Swin-Tiny Transformer. The method combined the
random data augmentation based enhancement (RDABE) algorithm to enhance image features in the
preprocessing stage, and adopted the Transformer’s self-attention mechanism to obtain more
comprehensive high-level visual semantic information. By optimizing the Swin-Tiny Transformer
model and fine-tuning the parameters on a maize disease dataset, the applicability of the algorithm was
verified on maize diseases in the agricultural field, and more accurate disease detection was achieved.
The experimental results show that the lightweight Swin-Tiny + RDABE model based on stochastic

enhancement has an accuracy of 93.586 7% for maize disease image recognition. The experimental
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results compared with the excellent performance lightweight Transformer and convolutional neural
network (CNN) series models with consistent parameter weights show that the accuracy of the
improved model is higher than that of the Swin-Tiny Transformer, Deit3 _Small, Vit Small,
Mobilenet_V3_Small, ShufflenetV2 and Efficientnet_B1_Pruned models by 1. 187 7% to 4. 988 1%,
and can converge rapidly.

Keywords: Swin-Tiny Transformer model; data augmentation; transfer learning; maize disease

recognition; image classification
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Fig.1 Architecture of Swin-Tiny Transformer network
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Fig. 6 Data samples of maize leaf diseases
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Table 1 Image categories and quantities of maize dataset
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Table 2 Experimental results of accuracy, precision, recall and F, scores of different models

A HER 3 Kol 1 A I F o8
Mobilenet_V3_Small 0. 885 986 0. 855 740 0. 835 289 0. 840 672
Shufflenet V2 0.912 110 0. 883 080 0. 881 906 0.882 476
Efficientnet_B1_Pruned 0.921 615 0.904 001 0.891 133 0. 896 230
Deit3_Small 0. 895 487 0. 875 048 0.859 470 0. 865 044
Vit_Small 0.916 865 0.900 375 0. 882 246 0. 888 922
Swin-Tiny 0.923 990 0.905 362 0.894 646 0.899 157
Swin-Tiny+RDABE 0.935 867 0.920 688 0.926 072 0.923 166




388 oMK A R (B 2R RO %62 %

AEXE T D G 0 K e B AR, AR SC I T R A ffE ] RDABE 3 38 5 75 (9 Swin-Tiny
Transformer fRIAYRCE. 5 R, i RDABE BRI HER R . W E . G RXHM F, 74
LS8 bR EHBIS T AR XA A B, MERRRIAF) 93.586 7Y%, AEETF1.2%, F, 0 EGAE] 92.316 6%,
A4RF 2. 4%, IEHFE A T RDABE 53 5 B9 Swin-Tiny + RDABE #5% 51 $ BUR: fiE %08 £ T 22 1.
UL, 383t RDABE 3885 535 75 S0HE T W 45 2244 132 AL BE Bl 1k X8 RS A Sk 0L, S 42 T 17 ) 455 A5 A
Xof B RE AC L 531 1) 5 A

i FH % i SRR B A A A S U R L AR B R R A RS R kR ) . S A
LR, BASGEEMYEY. 2 3 F TR RIS & (PLOPs) M1 #( & (parameter). H13 3 7
W, BT RENLIE SR Y Swin-Tiny+RDABE F R 1155 it F S 80 5 3 TR A2 4k, JF FLRB$E 745 10
Febr. MM, Swin-Tiny +RDABE BRIZE A B —ERHE. ES8E EAFEZHN AW E
AR EME, BT LLR 6 B 2 (19 500 A2 Tk APk A

3 FEBEMITEESSHE

Table 3 Calculations and parameters of different models

A P15 R/ SR TR
Mobilenet_V3_Small 2 242 1.55 0. 065 4
ShufflenetV2 2 242 2. 30 0.146 0
Efficientnet_B1_Pruned 2 242 5.30 0.400 0
Deit3_Small 2 242 22.10 0.180 0
Vit_Small 2 242 6. 60 0.460 0
Swin-Tiny 2 242 28. 80 0.130 0
Swin-Tiny+RDABE 2 242 28. 80 0.130 0
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