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Abstract The emergence and application of attention mechanisms have addressed some limitations of neural networks
concerning the utilization of global information. However, common attention modules face issues with the receptive field
being too small to focus on overall information. Moreover, existing global attention modules tend to incur high
computational costs. To address these challenges, a lightweight, universal attention module, termed “global-sampling
spatial-attention module” , is introduced herein based on convolution, pooling, and comparison methods. This module
relies on the comparison methods to derive spatial-attention maps for intermediate feature maps generated during deep
network inference. Moreover, this module can be directly integrated into convolutional neural networks with minimal costs
and can be end-to-end trained with the networks. The introduced module was primarily validated using a randomly selected
subset of the ImageNet-1K dataset and a proprietary low-slow-small drone dataset. Experimental results show that
compared with other modules, this module exhibits an improvement of approximately 13 percentage points in tasks
related to image classification and small object detection and recognition. These findings underscore the efficacy of the
proposed module and its applicability in small object detection.
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Fig. 12 Comparison of loss fitting curves of different networks. (a) VGG19 fitting curves; (b) VGG19 local fitting curves;
(c) ResNet50 fitting curves; (d) ResNet50 local fitting curves
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# 1 B ImageNet- TK #rifi 4 175 [6) /0 25 ) [ 19 73 26 45
Tablel Classification results of different networks for images

on some ImageNet-1K data sets

Model Params  FLOPs /10’ Accuracy /%
ResNet34 25,856,586 11.26 80. 00
ResNet34+CBAM 25,908,788 11. 26 76. 80
ResNet34+GSSAM 25,864,728 11.27 81. 00
ResNet50 23,528,522 5.19 78. 20
ResNet50+CBAM 24,225,844 5.19 80. 80
ResNet50+GSSAM 23,551,292 5.21 79. 80
ResNet101 42,520,650 10. 05 79. 60
ResNetl01+CBAM 43,217,972 10. 05 80. 00
ResNetl0O1+GSSAM 42,543,456 10. 07 79. 40
ResNet152 58,164,298 14. 85 77.80
ResNet152+CBAM 58,861,620 14. 85 77.20
ResNet152+GSSAM 58,187,068 14.87 79. 40
DarkNet53 40,613,034 8.99 80. 00
DarkNet53+CBAM 40,788,116 9.00 81. 20
DarkNetb3+GSSAM 40,624,742 9.01 81. 60
VGG19 139,622,218 23.02 82.60
VGG19+CBAM 139,698,996 23.03 81. 80
VGG19+GSSAM 139,632,920 23.04 84. 00
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Fig. 13 Comparison of Grad-CAM’s visualization results
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Fig. 16 Partial “low slow small” UAV images
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Table 2 Statistical of experimental results

Model Time /ms mAP.,... /%
Origin YOLOx 20.96 58.67
YOLOx-GSSAM position 1 22.46 60. 64
Sigmoid Position 2 22.47 60. 50
YOLOx-GSSAM position 1 24.96 59.50
standardization Position 2 24.43 58.96
YOLOx-GSSAM position 1 22.31 61.44
Sigmoid Res position 2 21.99 61.01
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Table 3 Verification for sampling and comparison effects
GSSAM GSSAM Res Conv Conv Res
Parameter iy iy — — - iy iy iy
position 1 position 2 position 1 position 2 position 1 position 2 position 1 position 2
mAP. /% 60. 64 60. 50 61.44 61.01 59. 56 59.49 60. 01 60. 06
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