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Detection of citrus diseases and pests based on improved YOLOVS

LI Wujie' , WEI Jiangshu'* , WANG Yuchao®, CHEN Jinrong' ,LUO Hao'

(1.College of Information Engineering, Sichuan Agricultural University, Ya’an 625014, China;
2.College of Mechanical and Electrical Engineering, Sichuan Agricultural University, Ya’an 625014, China)

Abstract ; [ Objectives ] After being infected by pathogens or pests, citrus leaves can lead to abnormal growth and development,
reduced yield,and even death of citrus trees. Early detection of citrus leaf diseases and pests can effectively allow for preventive
measures to reduce losses [ Methods ] In the actual detection process, the YOLOvSs model had problems such as inaccurate
positioning and complex background. Inspired by the VAN (visual attention network ) model ,the LKA (large kernel attention) module
was introduced to improve the YOLOvSs model. The improved YOLOvSs model could achieve centralized attention and fine extraction
of image information; replacing conventional up sampling methods with CARAFE lightweight operators could improve feature
reconstruction quality,solve scale mismatch problems,and enhance detection performance ;using the FReLU activation function could
capture more key features of citrus pests and diseases,improving detection accuracy. In addition, a dataset of citrus leaves containing
anthracnose , ulcer disease,and infestation by leaf miner pests was constructed for experimentation. [ Results ] The improved model
YOLOvS5-LC showed the detection results of citrus pests and diseases as follows: the average detection accuracy mAP50 reached
94.5% and mAP50:95 was 84.3% ,which were 2.0% and 4.4% higher than the original model, and the model size was only 7.3 MB,
with 93.8% accuracy and 84.5% recall, and the number of floating-point operations was only 18.5 G. [ Conclusions] The improved
model YOLOvVS-LC could more accurately detect citrus pests and diseases.
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Fig. 1 Images of three diseases and pests of citrus
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a. VAN 534514 Partial structure of VAN;b. KAZIER 1 LKA 4544 Structure of large core attention LKA.
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Table 1 Comparison of results before and after improvement of the YOLOv5s model

Hia e/ % AR/ % TERUBHREY G RN/ MB
Model Precision Recall mAPS0/% mAP30:95/% FLOPs Model size
YOLOvS5s 93.4 83.2 92.5 79.9 16.6 7.0
YOLOv5-LC 93.8 84.5 94.5 84.3 18.5 7.3
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Fig. 6 Visualization of mAP50 and mAP50:95 results before and after YOLOvSs improvement
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Fig. 8 Confusion matrix of citrus pest and disease validation set
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mAPS50,mAPS50:95 2K, 53510 94.0% A1 80.2% B A/ Ml I b/ Ny, 508 7.1 MB, T iU 3R Eh
16.7 G, 45 4 TMEPR, VAN Block L Backbone 115 2 4~ C3 BT EEAE A
%z 2 VAN Block &% # Backbone AR B Y C3 1R
Table 2 Replacing C3 modules at different positions in Backbone with VAN Block modules

DA SR} VE i mBEIR
e E' mAP50/ % mAP50.95/% e j(/J\./MB FRUERYH G
Replace position Model size FLOPs
25 14> C3 First C3 93.1 80.2 7.1 17.4
5 2 4~ €3 Second C3 94.0 80.2 7.1 16.7
| 1T . . . .
2 3 4~ C3 Third C3 93.1 78.2 7.1 16.2
% 4 4~ C3 Fourth C3 92.4 79.5 8.8 17.2

2.3 EHARIE
MFE 3 ] UL 3R 1 f# ] VAN Block FEHe i YOLOvS H' Backbone HLAY C3 B 45 B T UEHf & A A

K6 9 K 2 X0 AR R/ M AID 0.1 MB, mAP50 & mAP50-95 ¥4 . X5 2 {#iJf] CARAFE 4514 %4
B RAE R SRARFIE EIE 2K T R AE G 225/ AR RS H AR RRIEAR B IR R, BRICDISR 3%
FUBTYBAE A s & . {98 3 1] FReLU pREL, BEAUKE FE 42 . 1040 4 5] A VAN
Block B HI CARAFE Z5#4), 50 5 51 A VAN Block FEHL A FReLU #i% pR %L, 1055 6 51 A CARAFE Z5#4 1
FReLU 30 PREY, X 3 AR B A A A s s g . K88 7 2 3 NS5 M #R A YOLO v5s,
HERI N 93.8% , 3 15N 84.5% AERERIK/IMUN 7.3 MB IF fs B UCBAUE N 1.9 G B9E BT, mAP50
M 93.3% 4215 & 94.8% ,mAP50:95 M 79.9% 3 N %E] 82% , 43 HIFEI T 1.5% 1 2.1% ., %% LRk ik 7 7

LRE Z IR PRI R B T AR E T
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Table 3 Ablation tests of models

X% VAN HEWIR /% HIR/ % HERIFN/MB VRSB EREVG

Test Block CARAFE — FRel.U Precision Recall mAP30/% mAP30:95/% Model size FLOPs
1 v 92.8 84.3 94.0 80.2 7.1 16.7
2 v 85.1 82.4 93.6 81.2 7.2 16.0
3 v 90.9 87.7 93.3 81.9 7.1 16.4
4 v v 94.7 80.6 94.4 81.2 7.2 18.0
5 v v 90.8 87.5 94.1 83.7 7.2 17.3
6 v v 88.9 88.5 93.8 83.8 7.3 16.7
7 v v v 93.8 84.5 94.5 84.3 7.3 18.5

v FRRHIZIA, v indicates the model adopted.
2.4 i# YOLOvSs 5 H iR B gt ge Xt be ik 5e
M 4 AT L, YOLOVS-LC S50 /0 {UE 7.3 MB, R R a5 5, 15 5] 93.8% , B RIAH X ] 1) 17 A8 5
UHCR 18.5 G, HABPERES F YOLO R4, Al YOLOVS-LC ) mAPS0 Ll &% mAPS50.95 fie 43l He
M BE B U1 YOLOV7-tiny 5 3.9% 1 13.3%,
F4 B YOLOvSs SEMEE AT LRGSR

Table 4 Experimental results comparing the performance of improved YOLOvSs with other models

50 HEB R /9 /9 BTG £/

Mokl e mear AP0 mamsowym  TRLURCE ELR
YOLOVS-LC 93.8 84.5 94.5 84.3 18.5 7.3
YOLOv4-tiny 87.1 77.4 84.4 56.4 14.3 10.2
YOLOV7-tiny 82.1 85.9 90.6 71 13.0 11.7
RetinaNet 90.9 82.7 88.5 72.3 146.0 139.0
Faster-RCNN 71.6 81.4 91.8 75.1 940.0 108.0

3 g

AWFFEIET YOLOvSs A B £ 4 — Ff S Bl [ 4R PR 5% F A A 0 03 9 H AR A A Y YOLOVS-LC,,
YOLOvS-LC 5 AIX YOLOvSs AU 4 3 1 W 4 A7 el it - 26 P A i B LRI T B S A B 3 0 R AiE 3
SR VAN Block 4 Backbone H1AY C3 A, Hir LKA B Ao AR5 (4R B AT LA 4 Ml e AF A
A7 H T 1 DG B AE R B = i 1 U B RAR RR T) , A AT ARG R A LA B A I E B M ; CARAFE B AX
YOLOvSs J5A 1 L SRAERRAE , e R A A0 BRI A HE R R i ] 3 IO 325 105 8 DAAE BB 40 3
PRRIE R | PR I G 20 TRARAS 1 3R B R T AL B = 20 HER I RRIE I, DL ot 3t s M A oo e T 1Y
fer iV eI LA B 2880 . YOLOVS-LC A ADKE IS pR AT SILU B4 i FRe LU, 4RO T-25 B8] 1T 3¢
1) 4k <R A B T AR IO AR L i AR AE

PATE EARFRES T A B A A B R e AT BRI Ak, 38 25 SR R W, e J5 A9 YOLOVS-
LC BB TR A 6 H A IR BE BLIF mAPS0 N 94.5% , mAP50:95 & 84.3% , Hifsi I K /N HA 7.3 MB,
T s B 10 RS>  FLOPs AR 18.5 G, A5 R14 SAy fi A AT A3 JE ik ARG sl ik 25 3R 8 45 1
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