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Gray-Scale Image Classification Based on Improved MobileNetV3-Small
YE Yujie, HU Zhichao, DIAO Long, ZOU Lei, WANG Yunchao, LIN Shaobin

( College of Marine Equipment and Mechanical Engineering, Jimei University, Xiamen 361021, China)

Abstract: Aiming at the channel attention limitation of the SE, module in the MobileNetV3 network, an im-
age classification method based on SE-SAM Fusion attention mechanism is proposed. The original image was
amplified using background uniformity, clipping, and scaling strategies, compared with lightweight models such
as ResNetl8, ShuffleNetV2, and EfficientNet, and ablation experiments were performed to verify the effective-
ness of the improved module. The results indicate that the improved MobileNetV3-Small network achieves an
average accurance of 96. 64% on the mixed-enhanced dataset with a loss value of 0. 015 8, marking a 0. 006 4
reduction from its initial model. The model’s weight file is 6. 2 MB, which is approximately 1/7 of that of the
similar lightweight model ResNet18 and 1/4 of that of EfficientNet, respectively.
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Tab. 1 Comparison of image effects under different data augmentation techniques
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Fig.2 Accuracy and loss value of MobileNetv3-Small in hybrid enhanced dataset
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Fig.3 Comparison of training results of three kinds of attention modules
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Tab.2 Training results under different models

i xiil AESER/N/MB R/ % WRE  HHE/% BAEER/% F1 AUC
MobileNetV3-Small 6.2 96.72 0.022 2 96 95 0.95 0.99
B3k MobileNetV3-Small 6.2 96. 64 0.015 8 96 95 0.95 0.99
MobileNetV3-Large 17.0 96.98 0.013 3 96 94 0.94 0.99
ShuffleNetV2 5.2 94.13 0.016 0 95 95 0.94 1.00
EfficientNet 26.4 85.91 0.024 1 90 89 0. 88 0.98
VGGl16 281.3 95.35 0.016 5 97 96 0.96 1.00
ResNet18 46.9 96.83 0.003 2 96 95 0.95 0.99
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