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Research on pest identification algorithm based on improved YOLOv3
SHEN Xizhen, CHEN Rumin

(School of Information Engineering, Tianjin College, University of Science and Technology Beijing, Tianjin 301800, China)

Abstract; Crop leaf disease and pest identification is an important link in the process of crop disease and pest control. To overcome
a series of problems of low efficiency of traditional staff detection of disease and pest, an improved YOLOV3 algorithm based crop
leaf disease and pest identification method was studied in this paper. Due to the overfitting and poor robustness of the traditional
YOLOV3 network, this paper adopts the improved densely connected YOLOV3 network to identify leaf pests and diseases. The
improved YOLOV3 network adopts the network structure of dense connection with the same scale feature map, which strengthens the
utilization of shallow features. At the same time, k—means clustering algorithm is used to recalculate the boundary frame size. The
experimental results show that the improved YOLOv3 algorithm has better detection effect on small target areas than the original
YOLOV3 algorithm, greatly improves the average precision mAP value of crop leaf pest detection, and the detection speed can meet
the real-time requirements. The missed and false detection rate of the improved YOLOvV3 algorithm is significantly lower than that
of the YOLOV3 network.
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Fig. 1 Darknet—53 network detection flowchart
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Fig. 3 k-—means clustering diagram

AR H L AAE FHAH R4 7 i e B 9 ASJ2rpus
YEN DI FAE , BEAS R B 3 A3 FHHE BE A7 70
FHLE YOLOV3 J5ih i) 321 FEAE , AR 40 it i o 5 ki
e RIAT B 1 FAE RF B AR B I R4 P U 1Y
K FE L, i BT I A S B e X i g e A 4R
PEAT YR

2 ZWHERSH

2.1 HEE

s 4 4 B2 IF 09 e B B R ai
challenger £ fit i) 55 i 3 18] J5, BE B P (% 15 000
5K P - ok AT 1 SR A S AR S e A e A S
78 E, Hi, 12 000 5KAE I ZR4E 1 500 K



88 oo ®m M5 M OH

ERRES

PE Ak 4, 53 Ah 1500 K FE o 5 GE 4. H
Labellmg #PEX 7 #EATAR T, JF 45 bn 255 BRI
Fr {5 B IR VOC Brdla S AAs At 47758, I AN TR
P8 e A I A 2R A7 )1 | JHG v S 0 B0 4R G 1] 4
N

B4 BAHEERT
Fig. 4 Shows part of the data set
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Table 1 Parameter comparison of different algorithms
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Fig. 6 mAP detection by improved YOLOv3 algorithm
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Table 2 Comparison of ablation experiments
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Fig. 7 Detection result of YOLOvV3 algorithm
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