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Locust identification system based on improved YOLOVSs

Ma Hongxing, Dong Kaibing, Ding Yuheng, Sheng Tielei, Zhang Wei
(College of Electrical and Information Engineering, North Minzu University, Yinchuan, 750021, China)

Abstract: In order to accurately and effectively identify locust species in the Ningxia desert grassland region, a locust target
detection model YOLOv5s—CG was proposed based on the YOLOv5s network model in a complex context, by using
Contextual Transformer Networks (CoTNet) in the backbone network to retain locust feature information in the complex
context, while incorporating the global attention mechanism in the neck network to improve the feature fusion capability of
the detection model. The experimental results showed that the model YOLOv5s—CG had a precision of 92.5% and a
mean average precision of 93. 2% in locust identification in Ningxia desert grassland, which was 4.8 percentage points and
5.3 percentage points higher than the original model, respectively. Compared with the Fast R—CNN, YOLOV3,
YOLOv4, YOLOvS5s, YOLOv6s and YOLOv7 models, the YOLOv5s—CG network model had better detection
performance for locusts in Ningxia desert grassland. Finally, based on the YOLOv5s—CG, a locust identification APP
system was developed to achieve online locust identification and detection in the complex background of the Ningxia desert
grassland region, providing data support for the supervision, prevention, control and comprehensive management of locusts
in the Ningxia desert grassland region.
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Fig. 1 Locust dataset
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Fig. 2 Images of locusts in different scenes
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Fig. 3 Locust data labeling
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Fig. 4 Image enhancement before and after comparison
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Tab. 1 Model training parameters
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epoch 200
batch-size 16
img-size/ (pixel X pixel) 640X 640
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optimizer Adam
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Fig. 11 Identify the results
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Tab. 2 Comparison of different model recognition performance
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A P/% R/ % F1/% mAP@O. 5/ % T/ms Weights/MB
Fast R—CNN 75.9 75.0 74 76.3 234 90.7
YOLOvV3 82.6 82.7 81 82.6 18 123.3
YOLOv4 85.2 84.5 85 85.5 16 245.8
YOLOv5s 87.7 87.4 87 87.9 7.2 14.4
YOLOv6s 89.2 88.4 89 90.9 8.2 39.7
YOLOvV7 89.6 86.4 88 91 10.9 73.0
YOLOvV8n 92.5 89.6 91 92.1 7.7 6.1
YOLOv5s—CG 92.5 87.8 90 93.2 7.6 19.0
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Fig. 12 mAP comparison

https://www.cnki.net

13 fIERKITL
Fig. 13 Position loss comparison
h Y 2 B0 TR AR A A B A M B R A A
R 5 AR SCE BB YOLOVSs— CG X 2 H x84
HEAT PN, UM S5 R A& 14 Fs o

(a) B (b) Fast R—CNN  (c¢) YOLOv3

(d) YOLOv4 (e) YOLOv5s (f) YOLOV6s

(g) YOLOV? (h) YOLOv8n (i) YOLOv5s—CG

E 14 SHEHRRAMNER
Fig. 14 Multi-target identification results

K14 35 5 45 &, Fast R—CNN, YOLOV3,
YOLOvA X} T 2 H b5 iy e Bt KR A 7E W1 5 09 T K L 5
KMEERKINME , YOLOvVSs, YOLOv6s il YOLOvS
Al A 0 H AR A ER LS, T YOLOVT
REAS I tE /N B AR (XS /N B AR A AR R A B4 T g A



r [ %71 Y

194 T E A HLAE

2024 4

B YOLOv5s— CG PEREf AL , AT LA E A 103 B i
AN ER7EEE
3.4 HEhAIE

T B AE B R YOLOvSs— CG A 8501k, 1l
JHF RS FEAT B Uk . iR 3 AT, AH H YOLOvSs,
WCHE 32T I 4% S5 0 R RDORG B R 4R 5 3.5 A H 4T AL
Y R A 2 % 2. 34 A 43 i, BEW SR T CoTNet 4%,
AE NS 5 4 b 4R U/ B ARFRAE 78 RO R X 245 455 700 %o it
A BE . A YOLOVSs, 78 Neck J2 @i A 7T &
TG B AE RS B R 4. 3 E o YR Y
E 2 2. 2403 43 50, U W R T GAM T 2 77 B 45
P, AT 4 e AR Y B R AE LG R ) B R Y PR RE
HTEE YOLOVSs, U 3 T X 26 FIREAE fil G X 28 (1) A5 7
KR m 4. 8 A o, PR ESERES. 31 A
A3 85, U I A SRk #E 07 B YOLOvVS—CG a] L 4 i
HEAT 5 245 S T a1

x3 HERIKE

Tab. 3 Ablation experiments %
B P R Fl1 mAP@0. 5
YOLOvSs 87.7 87.4 87 87.9
YOLOv5s+CoTNet 91.2 87.1 89 90. 2
YOLOv5s+GAM 92.0 87.5 89 90.1
YOLOv5s—CG 92.5 87.8 90 93.2
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