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Lightweight object detection network and its application
based on the attention optimization

WU Jun"?, DONG Jiaming', LIU Xin', WANG Chunzhi'

(1. School of Computer Science, Hubei University of Technology , Wuhan 430068, China; 2. School of Materials Science and Engin-
eering, Wuhan University of Technology, Wuhan 430070, China)

Abstract: Taking the lightweight improved YOLO network as the main target, the new lightweight network models
YOLOv5s-CCA (YOLOv5s-C3-coordinate attention) and YOLOvSs-CSE (YOLOvS5s-C3-squeeze-and-excitation) are
put forward in this paper by selecting the representative SE (squeeze-and-excitation) channel attention module and relat-
ively novel CA (coordinate attention) spatial attention module to fuse with YOLOVSs object detection network. By fur-
ther exploration, the strategy for the optimal insertion position of the SE and CA attention modules in YOLOvSs object
detection network is demonstrated. The experiment proves that CA is superior to SE attention module in the lightweight
network model. The YOLOv5s-CCA network model proposed in this paper realizes the goal of network lightweight in
both PASCAL VOC 2012 and Global Wheat 2020 data sets, and its accuracy is improved compared with the original
network. It is confirmed that YOLOv5s-CCA has certain universality and generalization, which provides reliable data

support and certain reference value for its lightweight deployment in actual production and life.
Keywords: object detection; deep learning; computer vision; lightweight network; coordinate attention; squeeze-and-ex-
citation; one-stage object detection network; loss function
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Table 1 Setting of hyperparameter values in experiment

i HifH
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RIZIRKESHL 0.12
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E S e 0.00036
warmupfiepochs¥{ 2
warmuphf 1Y 8l i 0.5
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IR RS E 0.243
FIARaii ok sS4 0.301
ToU |5 {E 0.6
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Table 2 Results of different attention optimal models

FT M4 Ao Sk 2R mAP/%
MobileNetV2 SSDLite320 4.3 71.7
MobileNetV2 +SE  SSDLite320 4.7 71.7
MobileNetV2 + CBAM ~ SSDLite320 4.7 71.7
MobileNetV2 + CA  SSDLite320 4.8 73.1
CSPDakrNet53 YOLO 7.1 84.7

e 3 iR, 51 5 R E 1B/ Back-
bone X 7 B G5, 5 2 5 5R78 SE BIHRAEA
i) 4 5 o7 B BF mAP 25 8L, 55 3 511 3R7R CA ik
TE A [5) 4 5 A7 B I mAP 1945 5, 45 4 51 RN AE
] — AN B f A CA Bk 54 A SE Bt mAP (1)
ZE,

&3 SEHIE CA B mAP £ Rt
Table3 Compared mAP results between SE and CA %

G5 SE CA mAP
1 65.3 71.3 +6.0
3 73 73.5 +0.5
5 76.8 77.1 +0.3
7 79.8 80.3 +0.5
10 81.7 81.8 +0.1
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Fig. 10 mAP results by inserting CA models at different
position
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Table 4 Result of robustness verification Global Wheat 2020
i mAP/% HEH/ms fi i1l /ms HRAEs ) SHHEM

YOLOV3 95.3 38.7 443 22.6 61.49
YOLOV3-SC 93.6 9.1 15.8 63.3 61.49
YOLOV3-S2 92.7 8.4 11.3 88.5 61.52
YOLOSs 95.0 6.9 28.7 34.8 7.05
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MIE 12 %} Global Wheat 2020 $#fEhi 4y 6 45 R iE

B B 0 25 5 n] DL Y, AR SCHR B A% — Se i gt
I7 X 2 BRI HOR IB E AR, N 4 145
AT LA W, A SO 32 3 1Y R Ak 7 i DA
= 19 A KIS LE Global Wheat 2020 %08 8 g %
¥ 5 7E PASCAL VOC 2012 34542 i 2 30— 2L,
XA ESE T %007 s MR g B — o i aE HYE, A
YOLO %1 H bk I 9 26 76 52 B 4B 77 5 2 1 v ik
T2 AT Pt T AT HE 1B S

Tanea i

Global Wheat 2020 & 43> #1 U 45 &
Fig. 12 Prediction result of Global Wheat2020
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