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Lightweight object detection algorithm based on
YOLOX and its application

CHAI Weizhen, WANG Chaoli, SUN Zhanquan

(School of Optical—Electrical and Computer Engineering, University of Shanghai for Science and Technology,
Shanghai 200093, China)

Abstract: Object detection algorithms are widely used in the field of production safety. To address the
problems of slow detection speed and low detection accuracy in complex construction environments, an
improved YOLOX detection algorithm was proposed. First, based on the lightweight convolution
module Ghost moudle, the backbone network was reconstructed to compress the model parameters and
computational complexity, thereby improving detection speed. Second, embedding the coordinate
attention mechanism at the output of the backbone network to enhance the model's ability to learn key
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position information. Finally, recursive gated convolution was introduced into the neck network to

enhance the model's spatial position perception ability and capture long-range dependencies in the

image. The improved model are experimentally validated on the Pascal VOC and SHWD datasets,

comparing with the baseline model, mean average precision increase by 1.69% and 1.1% respectively,

model parameter count decrease by 18.8%, computational load decrease by 23.3%, and frame rate

increase by 7.6%. Deploying the purposed model on terminal devices can be applied to real-time

monitoring and detection in construction environments.

Keywords: object detection; lightweight; coordinate attention; recursive gated convolution
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Tab.2 The results on SHWD dataset

Sy G-backbone CA g-Neck SHE/MB THAE/G WER/(Es ) A/% Ayl% Myp/%

1 8.94 28.48 92 86.15 86.49 86.32

2 J 7.02 21.50 105 86.14 86.42 86.28

3 y 8.97 28.50 89 87.01 87.43 87.22

4 \ 9.15 28.79 87 86.96 87.32 87.14

5 J x/ 7.05 21.52 102 87.02 87.38 87.20
6(430) J \ \ 7.26 21.83 99 87.97 88.05 88.01
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Fig.14 The curves of mean average precision change
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Tab.3 Comparison of results with different attention

mechanism
S A1/% Ay/% Map/%
+SE 86.73 86.91 86.94
+CBAM 86.77 86.97 86.98
+CA 87.01 87.43 87.22

3.4 XtEESRI§
Ry HE— 2 B UE AR A RO, AR SCHE AN R
Hi4E SHWD Fl Pascal VOC I 5L B H ARSI 19

F AR AT PERE LR, e A LU AL PR By
BRI ¥ Fast R-CNN ., Faster R-CNN Al 8By Bet:
55 SSD300., YOLOV3, YOLOV4, YOLOVS,
YOLOX iX 7 4~ LA AL, Xf He g ansk 4 fik s
FiR . TEEHESE SHWD L, AR SCoiafk 455 78 1 - 1
X AT )ik F) 88.0%, G I 5 E AT L) 3k F
99 f/s, 2 HFEHRAE T A B ) R B E . 7E Pascal
VOC Bl 4 I, A SCRCHE B AL (% - YRGB 24 3k
3 83.0%, MHER T I ML HEE 1.1%, Kk i
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Tab.4 Comparison of results for different models on SHWD

dataset
Fik Mpl% Wi/ )
Faster R-CNN 72.8 9
SSD300 743 59
YOLOV3 79.3 45
YOLOv4 80.5 73
YOLOV5 84.2 90
YOLOX 85.9 92
AL 88.0 99

x5 AEMEBITE Pascal VOC HIE&E FHIE R xTEE
Tab.5 Comparison of results for different models on Pascal
VOC dataset

Fik Myp/% )
Fast R-CNN 70.0 1
Faster R-CNN 73.2 9
SSD300 74.3 59
YOLOV3 76.5 45
YOLOv4 77.9 73
YOLOV5 80.6 90
YOLOX 81.9 92
AL 83.0 99
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Fig.15 Comparison of visualization results on SHWD dataset
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Fig.16 Comparison of visualization results on Pascal VOC
dataset
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