2026411 A Kﬂﬂ*ﬂi?ﬁ B5TEFE2W

doi;10.6041/j. issn. 1000-1298. 2026. 22. 031

E T2t YOLO v8n HHHEEERE =N G &

B BHEMR & O FRE O ERR &
(1 AR R T TR B (N T RE2EBE ), TN 510642 2. ARG R KA M R4 B, I 510642
3. AR AR R WIB G E T TR AL, )M 510640)

HE. (G IR E S SRR PR WA/ B ERE B (USSR A /N ST ) AG I A7 7 AT 4 B
ME 2 AINEE TR IRT BEAR, LA B h 2k Ak 150 4 5 1 550 Bt ARG 000 458 ] A1, A F 9 488 1 — b i AL R A7 38 P i A A
YOLO v8n — CPestCSR, 76 T M558 1 51 A CPNFocalNeXt fSLHUE e C2f 254 75 LRUEAINNNG B2 (14 [R] i 425 13155
BOR W E AR T BB AR S E S SR, i G0k & R SR AR i AL R AR SRS AL TR F SimAM )
Bl 5 C2f EATREG BT TS EL T i — 25 A R N 77 5 2 5 S 808 R 5 RRAE Al & B BE S I E —
ReparamLKBlock 554 | i 13 7EAG I Sk &AM B 3 AN zfFise, s 17 X RHAR 55 ) S R AE A2 5 (X 4 RE 1, A 4
RIS /N E AR RGP RE . B4 BRI Bt YOLO v8n — CPestCSR BEEUKS 28 73 (] & 1P H40KG B ¥ 08 43
135 96. 10% .93. 33% ,96.08% , #H4%F YOLO v8n 4342 F+ 3.75.0.94 2.8 4 H 43 o5, AL N A7 4 &2 F B
8. 1% , V% MiEH 5 FIE 9. 9% ;5 Faster R — CNN ., YOLO v5s SSD B # AR LY, | A5 1 5 H4pKG B 448 45 S48 85 19. 71,
1.71.,11. 83 ANAE A I ABRSHEE ME 2 HRAL, 458 %M, YOLO v8n — CPestCSR A5 1 75 H w2 M A7 3 s s DUl
K EE 5 U 35 sk, HA R T30 38 B RS shims, KA AU 2B = Jetson Xavier NX B 856 & , I 247 4 B fin 2
K25 e F WA YOLO v8n — CPestCSR AR EDRE A 2 43 [0 2R LA K AS 3 B2 354 F YOLO v8n, )i, il 1k W HL s B 4%
A RIS AT S MRS | BE T AR AU AR SRR FH G T AT R RN R0ME , T A S A TR A A R o T T S 4
R A IO X = 2% ARFE R BB R i PR oK

KR At E A Bkl ; 2E

hES RS, TP242.6 SCEAARIRAD : A TEHS . 1000-1298 (2026 )22-0359-10

Lightweight Detection Method for Citrus Seedling Pests Based on
Improved YOLO v8n

Zhao Wenfeng' Yan Weisheng' Sang Wen®” Luo Zitao' Huang Jiajun' Li Yan®’
(1. College of Electronic Engineering ( College of Artificial Intelligence) , South China Agricultural University, Guangzhou 510642, China
2. College of Plant Protection, South China Agricultural University, Guangzhou 510642, China
3. Engineering Research Center for Biological Control, Ministry of Education
South China Agricultural University, Guangzhou 510640, China)

Abstract: Aiming to address the challenges of difficult feature extraction, low detection accuracy in
complex environments, and the need for efficient real-time detection on edge devices for small-target pests
(e. g., Diaphorina ciiri, Spodoptera litura, and Bactrocera dorsalis) commonly encountered during
greenhouse citrus seedling cultivation, a lightweight citrus pest recognition method, YOLO v8n —
CPestCSR was proposed. In the backbone network, the C2f structure was replaced with a CPNFocalNeXt
module, which improved computational efficiency while maintaining detection accuracy, significantly
reducing model weight and parameter count, thereby providing a lightweight foundation for edge device
deployment. In the neck structure, the SimAM attention mechanism was integrated with C2f, further
reducing model weight and parameter count through a parameter-free design. During the feature fusion
stage of the detection network, an E — ReparamLLKBlock module was introduced ; by additionally stacking
three such blocks in the detection head, the model’s ability to capture and discriminate key features of

citrus pests was enhanced, effectively improving small-target pest detection performance. Experimental
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results showed that the improved YOLO v8n — CPestCSR model achieved a precision of 96. 10% , a recall
of 93.33% , and a mean average precision (mAP) of 96. 08% , representing increases of 3. 75, 0.94,
and 2. 8 percentage points over that of the baseline YOLO v8n, respectively. Meanwhile, model weight
was reduced by 8. 1% and floating point operations ( FLOPs) was reduced by 9.9% . Compared with
models such as Faster R — CNN, YOLO v5s, and SSD, the proposed model improved mAP by 19. 71,
1.71, and 11. 83 percentage points, respectively, while maintaining a lower parameter count and model
complexity. These results demonstrated that the improved YOLO v8n — CPestCSR model achieved
significant success in enhancing citrus pest detection accuracy and was favorable for mobile deployment.
The model was deployed on a Jetson Xavier NX mobile platform with inference acceleration. Detection
results confirmed that the improved YOLO v8n — CPestCSR outperformed YOLO v8n in precision, recall,
and inference speed. Finally, field experiments combining a pest suction device with the detection model
verified the feasibility and effectiveness of the algorithm in real-world applications, demonstrating its
capacity to effectively support precise pest early warning and green pest management for greenhouse citrus
seedlings, in line with the practical demands of modern protected agriculture for efficient, low-
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consumption pest control.
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Tab.2 Results of ablation experiments
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Tab.4 Citrus pest detection results among

YOLO v8n—CPestCSR

different models

KR, AR, SRR BRI b

L % % Yt/ %  Fl=/MB
YOLO v8n — CPestCSR ~ 96.10  93.33  96.08 5.70
SSD 92,10 74.35  84.25 88.90
Faster R — CNN 45.50 86.49  76.37 107. 19
YOLO v5s 94.12  93.58  94.37 9.11
YOLO v5n 90.30 88.96  90.50 3.90
YOLO v8s 96.77 94.28  96.91 21.06
YOLO v8n 92,35 92.39  93.28 6.20
YOLO v10s 92.20 94.27  96.29 15.70
YOLO v10n 90.12  91.25  90.12 6.48
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