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Table I Information of citrus pests and diseases data set

FiH Ttem HE M%E HIEH A LNl a‘%ﬂﬂﬂé %ﬁ%m\
Aphid Coccid Yellow shoot disease Melanose Leafl miner Rust mite
R P54 Original images 285 295 120 215 439 295
BedEig 5 Data enhancement 1140 1180 1115 1159 1317 1180
T bR Labels 4326 5146 4986 4564 5576 4698

1.2 YOLOv5s-CDC # il & Y g i3
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Fig.5 Attention mechanism module of dynamic head
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Table 2 Experimental platform parameters

Tji © Item J5#I Type
BEER S8 Operating system Windows 10
g b H 2 12th Gen Intel(R) Core(TM) i5-
Central processing unit, CPU  12400F
QAR
rx‘—lﬁ/@ e . o NVIDIA GeForce RTX 3060
Graphics processing unit, GPU
TF R
. Pycharm

Development environment
5 Language Python3.7

HIREE
I 55 CUDAI1.0

Accelerated environment

HEZE Framework torchl.7.1, torchvision0.8.2
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Table 3 Baseline model testing

HEmy TEREE/ G RRIERE SR

Model P \@0.5 FLOPs Parameters
YOLOvVS5n 93.8 4.1x10° 1.76X10°
YOLOv5s 95.3 15.8< 10’ 7.01x10°
YOLOv5Sm 93.8 47.9X 10 20.85x10°
YOLOvSL 93.2 107.6 <10’ 46.11x10°
YOLOv5x 92.9 203.8 X107 86.17x10°
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Table 4 Model ablation experimental results
B BRIk FRRESREL oREE Wi/ [RE/ Y CPEREE/ Y PR 0 TRE
YOLOv5s ~ DYHEAD CXV2 CARAFE r R P,,@0.5 P, ,\@.5:.95 FLOPs
N/ 92.7 76.7 83.9 69.0 16.010°
N/ N/ 91.6 77.6 85.1 72.3 16.810°
N N 90.2 80.0 84.8 71.6 16.210°
N/ N 89.6 79.1 84.7 69.9 16.010°
N N/ N 93.6 80.1 86.4 74.1 17.2X10°
N NG N NG 92.1 81.6 87.3 75.3 17.3X10°

%5 CARAFEERAEREZSEIEREXTLE
Table 5 Performance comparison of different sampling

kernel parameters in module CARAFE

BB Koe  BEHK, %@fiﬁ){?/
! 1 85.7
! 3 85.8
3 3 87.3
3 5 85.6
° 5 85.9

R B uE el R R B O S AR 5T R WL P
G 1H (bilinear) . X 57. 77 4 {H (bicubic) iy b RAE T 2,

175 RY i #8 Sk (efficient-decoupled head) . TSCODE
(task-specific context decoupling ) £ M 3k # He 5 CA-
RAFE .DYHEAD e 73 7 {50k i) 6 b 5256, 25 5
6~ 7 i/, CARAFE S5 BUS T i i Poa@
0.5M8 , H&AH FAME I & maui ik 5 DY-
HEAD B8 5 A [ AL R IRS B (HFLOPs H1 £ T
11X 107, KRB T 355,

I 2 YOLOv5s-CDC £ B 55 K& 26 F5 B AH [,
Poa@0.5 82885 3.4 H 43 55, Poa@.5: 95885 6.3 A 4
5L A R 4.9 [ 05, FLOPs U A0 1.3 107, 18
M Fal 1 v A A B A 3 A b S A A A
K EE .

F6 LREEHRERITLE

Table 6 Horizontal comparison of upsampling module

HEZ M 2% [oRAE MERVERGE MO HRE R/ % AR/ % TERSESE % PR EERIE % L Le o Ny
YOLOv5s CARAFE bilinear bicubic P R P, \@0.5 P \@.5:.95 FLOPs
NG 92.7 76.7 83.9 69.0 16.0<10°
N, 89.6 79.1 84.7 69.9 16.010°
N 90.9 76.9 83.6 69.0 16.0<10°
N 91.5 78.4 84.4 69.8 16.4 10’
RT7OKSLAEBRAE [ X L
Table 7 Horizontal comparison of detection head module
2 NS IE SN o2l (DS ST § 12 DS TSCODE KWW/ BRI/ % PYRENE/ Y FHRENE/ Y R
YOLOV5s DYHEAD Efficient P R P, ,@0.5 P \@.5:.95 FLOPs
NG 92.7 76.7 83.9 69.0 16.0X10°
N 91.6 77.6 85.1 72.3 16.8x10°
NG 91.9 77.8 85.1 72.0 27.8%10°
N 88.8 76.6 82.2 67.6 16.3x10°
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TUA TG 2, 7650 30 F8 e A wle sk (Y AL T 4y
LA | BR3P T T IS, Fie 2 HUAT Y R AT
T ARG
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Table 8 Comparison of different detection models

] K2/ % H /% SRS/ % SRR I/ % LSS o 2R iy SR
Model P R P, A@0.5 P, 1@.5:.95 FLOPs Parameters
SSD 82.4 44.5 49.6 30.3 62.7x10° 26.29X10°
YOLOv3-tiny 85.6 70.3 77.3 55.9 12.9X10° 8.68>10°
YOLOv4 87.2 79.7 84.6 73.4 119.1x10° 52.5%10°
YOLOv5s 92.7 76.7 83.9 69.0 16.0x 10 7.03X10°
YOLOv7-tiny 81.3 78.3 82.5 64.4 13.1x10° 6.02X10°
YOLOvS8s 92.6 75.4 84.7 75.1 28.410° 11.1310°
YOLOv5s-CDC 92.1 81.6 87.3 75.3 17.3%10° 7.61x10°
R TRBRBRELRFHE P IILL
Table 9 Comparison of P, for diseases in different models %
TR VAL TR W RE igF BERER, Iy re
Model Yellow shoot disease ~ Leaf miner Melanose Aphid Rust mite Coccid
SSD 57.2 30.1 43.1 62.6 40.1 64.5
YOLOv3-tiny 56.5 88.9 82.8 76.7 81.7 77.3
YOLOv4 64.8 96.3 89.3 81.9 88.1 87.0
YOLOV5s 60.6 97.1 87.3 83.4 88.9 86.3
YOLOvV7-tiny 63.0 95.0 86.0 77.8 89.7 83.7
YOLOV8s 60.5 96.5 88.1 85.8 89.7 87.8
YOLOV5s-CDC 65.0 97.8 89.5 88.0 93.5 90.0

FIH 3R LR 3L 5 sk 5 19 YOLOvSs-CDC
BRI NE 6 F R A7 7 Hhe T EA T AGE DU, B0 S i A R A
AHIEE 55 B SZ P BRI AL B SE R e s
SEBRAGIRCR . 5 RN A 9 B, 7648 28 R s e
K, YOLOv5s-CDC B 4 1 b A6 0 H 1 v H
o, TG A 000 45 ol AR 40 BT o) f R e e R A
T 5t R 2R 0 TR 5 G 00995 T AR A AL P A g o
g s U E R, SSD 5 YOLOV7-tiny &8 1 31 T
W TR VE R LG 7% 4R 2 H bR s i Al
H1, YOLOv5s-CDC &1 LA BH 2 g5 , A JLRh

B B T BRI A . I R YOS
LOv5s-CDC 75 5 &5 1% 1 53¢ o il 547 3 AG ) i
SZE MR IR IEA 22 A R A A R TR T
PR HAT B BB R

3 W #

AR ORE TR 7 ) H A I A T M T
FAI T TR A 2R Pl B 36 R T 24 L DR A A
EARARMBEE S O TS H AR Y 2
GEEZEESNE A= RN bE i pp et 2 oallb R R
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Fig.9 Comparison of model detection effects in different scenarios
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Improved YOLOv3s based identification of pests and diseases in citrus

ZHENG Yuda', CHEN Renfan', YANG Changcai’,ZOU Tengyue'

1.College of Mechanical and Electrical Engineering, Fujian Agriculture and Forestry University,
Fuzhou 350002, China;
2.College of Computer and Information Sciences, Fujian Agriculture and Forestry University,
Fuzhou 350002, China

Abstract Accurately identifying pests and diseases in citrus can be used to timely reduce the econom-
ic losses. A common method for detecting pests and diseases in citrus based on the improved YOLOv5s
model was proposed to solve the problems that the existing models of detection cannot accurately identify
multiple types of pests and diseases of citrus in the natural environment. The model was improved by intro-
ducing the ConvNeXtV2 model and constructing a CXV2 module to replace the C3 module of YOLOv5s,
enhancing the diversity of extracted feature. The dynamic detection head DYHEAD was added to improve
the processing ability of the model for different spatial scales and task targets. The CARAFE upsampling
module was used to improve the efficiency of extracting feature. The results showed that the improved YO-
LLOv5s-CDC had a mean recall rate and average precision of 81.6% and 87.3% , 4.9 percentage points and
3.4 percentage points higher than that of the original model, respectively. Compared with the detection with
other YOL O serial models in multiple scenarios, it had higher accuracy and stronger robustness.It is indicat-
ed that this method can be used for detecting the diseases and pests of citrus in complex natural environ-
ments.

Keywords deep learning; pests and diseases; YOLOv5s; target detection
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