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Arthropod Object Detection Model Based on Improved YOLOv4-tiny

YU Yong',WU Jian-ping'* ,HE Xu-xin' , WEI Jie' ,GAO Xue-hao'
(1. School of Information Science & Engineering, Yunnan University , Kunming 650504 , China;

2. Yunnan Provincial Electronic Computing Center , Kunming 650223, China)

Abstract; Aiming at the situation that the model detection efficiency is not high,and the bounding box prediction is wrong caused by the
complex background, variety of morphology, occlusion target and diverse target scale of arthropods in the natural environment, an
arthropod target detection model based on improved YOLOv4 —tiny is proposed. Firstly, combining spatial and channel convolutional
attention mechanism ( CBAM ) , the background noise is suppressed. Secondly, deformable convolution ( DCN) and an improved
weighted bidirectional feature pyramid are introduced to reshape the convolution and feature fusion methods for multiscale prediction.
Finally ,a layer of Feat@ 3 is extracted in the FPN network ,and a spatial pyramid pool structure is embedded to effectively extract various
significant features of arthropods, so as to enhance the generalization ability of the model. The improved model is named YOLOv4—-tiny—
ATO. The experimental results show that the proposed model balances detection speed and accuracy well with a size of only 54.6 Mb.
The detection accuracy is 0. 725 ,the detection speed reaches 89.6 frames per second,and the recall rate reaches 0. 585, which is 0. 426
higher than that of the YOLOv4 —tiny model before the improvement. The model is more suitable for mobile deployment in terms of
model size and detection speed,and the model detection accuracy can also meet the application standards to meet the detection needs of
arthropods.

Key words: arthropods ; object detection ; deformable convolution; YOLOv4 -tiny ;bidirectional feature pyramid
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HEATVEMY o Jorp 8 WIS R It A E AR AR X 6
Ji7s . AP X —41 ToU BI{H 43518 0.5 ~0. 95 Hf
TR, 2 H0 2 5 T A Recall 4 0 ~ 1 B A9 24 K%
BERPLORE B 2% H [ 32 2 )iy PR T4 iy A, 3
BN 7 R, FPS 45 BERMARG I 0 BIG E R, B
BLRm - s ™ mAP ERIEGIE R B AP B93ME, 10
X 8 FivR,
TP

RecaH:m (6)
AP=fP(r)dr (7)
Q
> AP(q)
mAP = = 0 (8)

2.4 YOLOv4-tiny—ATO 18 i S 14 B
YOLOv4~tiny —ATO #£#4  Jill 2% YOLOv4 -tiny il
Y ZRAL TR, 52 56 51 i Z6 W B8 T 7w o LR 70 ~ 10

epoch B TR J5 2t ii i T A, Ua B A % iR k3
PVCECME B, SR S B RN R8O AL A . Y epoch
“J 50 15, val loss Al train loss 4% U7 WSK, 756 epoch A
70 B A BA R 0 FRRE R, U R R BE AR IR 8, A
AIVERE IR B Fefd: | 590 R WG A2 AT AT

— train loss
0.40 1 —— val loss
== smooth train loss
0.35 4 | == smooth val loss
0.30
% 0.25 1
S
|
0204t
i
1
0151\l
0.10 v ;
0051 T T T T T T v
0 10 20 30 40 50 60 70

Epoch

B8 LRI & Ae IR SR & vh 4%
2.5 YOLOv4-tiny—ATO =B )54 B sL 16
TH Bl S 38R FH AR %R KB AT 25, o T ik
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vV 0.299 0.311 132.7
v v 0.357 0.332 127.5
v v 2 0.371 0.345 124.3
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Fast R-CNN 0.349 0.202 0.211 0.239 0.111 0.259 0.476 256.3 0.264 0.484 21.3
RetinaNet 0.518 0.421 0.451 0.502 0.225 0.397 0.746 80.0 0.465 0.477 19.7
Yolov4 0.722 0.617 0.579 0.672 0.516 0.605 0.811 244.3 0. 646 0.526 83.2
Yolov4-tiny 0.297 0.221 0.197 0.201 0.153 0.276 0.513 22.6 0.299 0.311 132.7
Yolov5-1 0.767 0.602 0.591 0.691 0.522 0.631 0.801 91.0 0.659 0.620 147.2
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