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Rice Disease Recognition in Natural Environment Based on RDN - YOLO

LIAO Juan' LIU Kaixuan' YANG Yuqing' YAN Congkuan' ZHANG Aifang® ZHU Dequan'
(1. School of Engineering, Anhui Agricultural University, Hefei 230036, China
2. Institute of Plant Protection and Agricultural Product Quality and Safety, Anhui Academy of Agricultural Sciences, Hefei 230031, China)

Abstract.: Rice diseases such as brown spot, white leaf blight, bacterial blight and rice blast occur
frequently during rice development stages, causing serious losses in rice production. Aiming at the
challenges in accurately identifying rice diseases under natural conditions, where background is complex,
and differences between disease classes are subtle, a rice disease detection network model ( RDN —
YOLO) was proposed to improve the accuracy of rice disease detection. Firstly, the YOLO v5 network
was used as the basic framework, and the C2f module was embedded in the backbone network to enhance
the model’s perception of disease features. Besides, the SPDConv was introduced in the backbone
network to expand the model’s perception field and further improve the feature extraction ability of minor
disease spots. Secondly, the SPDConv was embedded in the neck network, and the lightweight
convolution GsConv was used to replace the standard convolution, which can improve the accuracy of
positioning of the disease site and prediction of category information and inference speed, contributing to
higher accuracy. The model was trained and tested on a dataset comprising images of five common rice
diseases: ear blast, leaf blast, leaf spot, smut, and bacterial blight, where the dataset were collected
under natural environment. Experimental results showed that the proposed model achieved a disease
detection accuracy of 94.2% with mAP of 93.5% and model parameters of 8.1 MB. Compared with
other models YOLO v5, Faster R — CNN, YOLO v7 and YOLO v8, the complexity of the proposed model
was only slightly lower than that of YOLO v5, but the mAP was approximately 12. 2 percentage points
than that of YOLO v5, which signified a notable advancement in rice disease detection, achieving high
accuracy while reducing model complexity to a certain extent.

Key words: rice disease recognition; YOLO v5; C2f; SPDConv; lightweight

Wk H . 2024 —04 —15 &8 H ] . 2024 — 06 — 03

BESWE (45 T A HF %0 H (2022YFD2001801 —3) Al % [ 4 BH 3 4 91 H (32201665)

TR A s B (1986—) , 4, M B2 1L, % A SEBLES BLAERT ST , E-mail: liaojuan®@ ahau. edu. en

AR SRR (1969—) , 5 S, Wb/ S0, 3 32 MR A BL A 80 15 9 R 0% , E-mail: shudequan @ ahau. edu. en



234 P A1 M S 4

2024 4

0 3]

KAEAE TR F R EEY 22—, LKA
e E R R ER A E bR SR, 1E
AR AR R e A B A RO B KRS AR
KEF WA Kb B A & KL 1%, 80 &
FIER T KR R M, 1 B K2 i i k. LARS IR
Joa S B8], K RS PR FE B S R IR AT AR 43 B R AT Gk
10% ~30% ,HF ik 40% ~50% , FGA 4 P 20 801
Trw o e 2 ak B B i K R 9 £ 7k,
TG ) M A A 25 4 i R BE AR I i, A e
TERR PR U K R 3, IF S i 2R BBORH B 14 Bl 36 4
Jiti, Yo R IE AR R o s e B AR

H AT, 7K F i 35 12 W o K 5 AR IR KRR HL
N GO 28 56 BEAT A0 BN T 05 0k 2 i 2% g
H A, AN BE i AR A AR 7 R R oK
B & TH AL HE R 1 & R, RIS Ak BRI 45 2% 2
B A Bl B 32 W7 Bk A Nl AR S T ARG T 0 43 2K 1 R
TR I £ LR PR BE X 85 e B X 35k
€8, R/ NRIDE 285 5 22 5y el B N T T il
HURNBE £ H AR 8 BURRRAE £ BY SCHRF i b POk
B 2 I 4% A5 43 208 B 1 S B0 A AR v T 2 ) Y )
W7 EL 2 AIE ST G G U S o R K
TRAESR I, TN T8 3 A9 REAE 78 2 A A8 AR v 35 1Y
R B rmAa RRERZhEE 5, KZHT
A 3B — 35 T SR AR Y BN B BE B B K R
i AN 2 HOH ) 3 AR PR KRR R 1 7 5
AR N Z kK R AR bR 6 B fh R 1 ik B 7K
FEEmE A5 52 20 0 S 0m B, N LB iy R R AE X
LA B P A AR, i LR K R s 3 DXSURRAIE A 2 5
S RO R, AT S BOK RS R 3 A0 T A AR A

A HAR GE T S AL BE 1 AR Oy i, TR B 2% 2 R
A L L R AR 2 T BB 0, 71 22 R 43 BT iF 5%
R B AR R 92 AR B, B BN T A b R
PB4 SCRR T 1S DB X A R A A 2
T 5 R KRS 3 UK B G, 2 T — b g B B
BIRLRY 3T YOLOX #: I 7K e Jgo 348 157 LA 3K B
FEBEHEMLLE , B Siamese P 28 X 7K A5 9 5 B
BG4 96 U, 9 & U1 258 B 2 (B (mAP)
ik 95.58% ., CH#k[ 16 ] #E ResNetl8 FiI ResNet34
RERL b A T R AL, DAY S AR AL R AE £ B
71, 55 5 F W AL I 1 HLH 1Y ResNet34 35 51 o fff
B . SCHR 17 ) Bl 7 — AT kB
MobileNetV3 1) % &t K fid i F IR 5k F ik A
W IE VE R I HLH Y MobileNetV3 42 BURFAE , JF DL I
Y5 SVM Zhy 4 25 2% S B R SCHER[ 18 ] & X

il

YOLO v5 # B 7E /K Fe g 3 0 o A D3 S 2R s
TEE 18 S5 ), 4t — Fh 2k T2 E YOLO v5 6
AU AR s 3 i U A Ty ik, 4 SR SR W AR A AT
A 2 A, UK L 38 97 %

B TR B 2 o0 W R AR R AR R e TR A
FEYI 2 B v BB 75 o ) B 2 5 1A AR AE . K R
FZ M TR b R S5 24058 R R TR
SR BE X B AE 2 ), HOK AR HE R R 2 R B R
SPAE AR — AT #9535 H A AR BL B RRAE X 25K
REE 7 ) R BAT B R A AR R SR ICRE 0y 0 R
S 5 ) 45 S5 A RE B2 I g A9 TRTARUCRR AR, 2R 75 B0 1Y
PUINRG BE  (H 58 5 K, SE iR 55 , X LUFE RS ol i &
EERE . SCERO19] B X S 2R A UE W SR RIE T
o L TERS DUH B2 IR A 18] &, 45 45 DenseBlock A1 B
BB 4y ) 45 il & A H (CSPDarknet53 to 2-stage FPN,
C2f) " i YOLO F TR %, % ] DenseBlock 3K Ht
WZNGEORE B T C2f F65 £ T M & iy B
A B LLOC AL R AE 42 BUCRE 7, 15 i 1 B R A 5 e 2
BRE M, SCiR[21] 8 TR R IR TF £ oK
Tl 8 % 0 A R 0 R 8 B VR A L 7E YOLO v7 i A
23 [a] R B ¥ 4 3 FH ( Space-to-depth convolution,
SPDConv) " fJi Ak A5 Xt 5 oK A o PR 45 R 25 Ak
TN, S HG R W] SPD Conv 45 44 X 1% 73 it 2 4 15
/NE BRI AR # A B, SCEk[23 ] /£ YOLO vS g
NGB GsConv ™ 3 47 AF ML 320 47 TR 1] 43
A A, o8 S I 8] A5 2 A2 H Y [R) B o 48 A 2 0
AR BB ALE AT RUR

BT bR Ay AT, A SCEE X ) B 4R R BE T KR
o U R T SR A A A (R R ) R B R A 22
AN R R A W RN SRR L LR
o IR I BRR XE 0 L R O R e S bR UL oK
R B Xt 42, L YOLO v5 Jh JEACHE 42, 2
—F Bk YOLO vS B9 K B L B A
(RiceDiseaseNet, RDN— YOLO) ., £ H R T %
B KA R R 7K et i 5 B 48 5 R ] C26 4%
Y (SPDConv #5155 HY 3= 1 0 4%, 14 9 A5 R 4 A1
R IRE 77 5 76 A5 R RS R 4% ik A SPDConv 45 4, i
—LARTE X R B AR A/ B AR AR AR B0 32 CRE
1, IR A% A 8 B GsConv 5 45 75 2513 (W) 4%
B AR, DLISUR 5 1Y 52 2 ) () I 3R A5 8 o R A
MR AR E

1 Mg

1.1 mEEGHERR
AWFFEEHT S B UL A KRS B T AT
YU, A 4% 7K R F1 ARG A (bacterial blight ) | M- i i



R

BE 4 JET RDN - YOLO By B AR BREE T /K A o U A B BIF 5 235

(leaf blast) . # R BE S5 (leaf spot) A G (smut) F
FEIELA (ear blast) ,5 Ff 7K Fif Jog 35 #4 J0 A0 £ 4 46 A 2
i ECHE AL 1 A A Y ) KRR i R RS A
etk R T 2023 4R 7—10 R4 A ZRUROL R
SR X0 5 i R 22 R RO R A B AE O B I g
i, R4 ¥ % 9 Canon EOS 100D A L Al iPhone
11 BREFHL, R BER 2000 0 5 184 R R x 3 456
B4 032 {15 x3 024 {25, IR AN T KRR
A 960 Wi, HHE % 2 Kaggle B Jr Ml (hips: //
www. kaggle. com ) 2y H- 11 Rice disease datasets, [&] 1
I3 s T A B B B AR A R B o SR
Jo 2 W 28I 5 BT o5 A N AF A A, Ok BOHE 4 BT 45
HEAT TR 4 Ak 31, 4k P15 B8 53 HE Ry 640 R R x
640 53K .

(a) PRI (b) HARKBESG

() e i
FL K R T RO AR A 2 A
Fig. 1 Samples of self-built rice disease dataset
L2 HEEHE
Oy 3 G KON B R AN ) 2 00 1R B R AN B A
M IR TR 5 4045 B AL, O BE 0 SR A T - R 4 A

(e) P

ZALRE T, 70 i T RS B e (BEDLIE 5% | S BEAL
il 553 A 5l 0T E JRE 6 5wl ek 55 45 5 X R AT Rod 4R
P3G IR HIERAE B Z K BRI 15 2 6 580 iF i F
K&, i 1] labellmg T HxF EGFEAT 50 H AR b i: , br
RN 2 Pros o AU S $ B EL 1) 72 22 130 73
IR 6 U AR RITI C AR , F RO ) AR AR R T 3 1
s

2 KFEREFIRANERE T

2.1 REEHER
YOLO #5465 74 J& T 5 i Be 1 A 4G 62 70, 22
Di Z2 WAk AR, M AE 1 2 WA, YOLO vS 4L 8 H Ay

2 KFENE H b

Fig.2 Rice disease labeling process

R1 KBRELIEEER

Tab.1 Composition of rice disease dataset
K & FEA AL Uil B B uEgE i 4
Tl g5 1200 840 240 120
R 3 S 1340 938 268 134
TH- 5 05 1280 896 256 128
i il 1210 847 242 121
A 1550 1085 310 155

R R AL X 25 25 4 . YOLO v5 14 19 2% 45+
SR I BN o e 3 2 S 1 S W
A i 1) B84 38 5 R R 4% 0 A AR R AR SR BBURRAE , S
25 S W 2 AT 22 )2 I RR AR RS A B 100 o
AR I E AR 8 2800 e B B X R A
HE AR IR B AR ROR o (HK RS M BT
i MRS S A2 2, BRI 269 3 76 R b Al A
fIE22 /0N IR 269 5 AR B R A8 R/ E2ERR,
YOLO v5 TERFAE & BOms 19 71 SR AE J7 302 2 2R 0 3 &6
O3 RBERRAE U H 2/ B b5 i FH R E, 5 S BUR K
T LG . N A U e E IR S5 b BE RGO B R
R4 B 38 3 11 0] L, S ASOAET ASE AR G 00 3 32, A S ik
FEAG ) B PR A RS /N YOLO vSs Sy i o A5
R TERRIEAR B 38 BORURAE Rl 5 O #6477 YOLO
vS RERICHE , DLAE A B0 A5 A 2 4 RN T ORI
PET B AR S b oK R E ORI . St R
(R 7K A 5 T I 2% A5 A RDN — YOLO %5 44 [&] 4n
B3 fin, |10, 16 BT M4 R E SR O Be i A T
C2f AR, (A5 R §18) e A 312 AR v 78 B H A X3,
BEAR A 215 SRy T 40 ok, Dy Y s A A0 /N H AR Y
WU BE 7, 7E FF AR & WO AR Rl G B B b 1S
SPDConv £ FRE5 ), [F] I Sy e AT ASE 20 5 2% 782 38 O F £k
R 5 UK B R0 & 1, A R AIE Rl Y BOR OB
YA T GsConv B 40 2505 9 28 A 5 R
2.2 ETMEFIERBRMML

YOLO v5 3R JH C3 454 e it 3 1 ™ 2% 1Y KR 1§12
B, C3 B 5 M an & 4a T, B 3 45 ifE CBS



236

2024 4

Focus(64,3)

Conv(128.3,1)

SPDConv

C2f(128)

SPPF |=|CBS

Conv(256.3,1)

SPDConv

TR 2%

C2£(256)

Conv(512,3,1)

Concat

CBS |=| Conv A\ SiLU

Slice

Slice

Concat Conv

Slice

Slice

Max ERS Max

Pool Pool Pool Concat GBS

Fol 3

C3(256) Detect

GsConv(256,3.1)

nn.Upsample

SPDConv

SPDConv

GsConv(256.1,1)

C24(512)

C3(512)

Conv(1024,3.1)

Concat
C3(512) Detect

GsConv(512,3,1)

Concat

SPDCony

C2£(1024)

SPPF(1024,5)

& 3

GsConv(512,1,1)

SPDConv

nn.Upsample

Concat

C3(1024) Detect

K AE R E R MBI RDN — YOLO % ik 454
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Tab.2 Performance parameters of different module

combinations

iyl # [1] mAP/ ¥

il
B/ % R/ % % i /MB
YOLO v5s 83.6 79.1 81.3 7.1
YOLO v5s + C2f 88.3 85.2 86.9 7.9
YOLO v5s + SPDConv 87.9 83.4 86. 4 8.8
YOLO v5s + GsConv 82.4 77.7 80.6 6.6
YOLO v5s + SPDConv + C2f 94.7 89.6 94. 1 9.8
RDN - YOLO (A< 3) 94.2 88.1 93.5 8.1
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Fig.7 Results of rice disease identification of RDN — YOLO
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Fig.8 P — R curves of RDN — YOLO model
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Tab.3 Performance comparison of different diseases

%
K= RS PENIE S mAP
Sk 96. 4 91.7 97.8
I o 90.2 84.6 90. 6
1B B 56 97.2 88. 4 91.9
I 9595 96.5 88.7 94.3
5 i 95 90. 5 87.0 92.7
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Fig.9 Visualized heat maps of rice disease identification of RDN — YOLO
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Fig. 10 Comparison results of rice disease identification of different detection models
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Fig. 11 The mAP change curves during training of

different models
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Tab.4 Performance comparison of different models

R, HhE/ mAP/ SR/
i
% % % MB
Faster R — CNN 91.4 90. 8 90.2 42.0
YOLO v7 82.7 81.6 81.8 36.5
YOLO v8 82.8 80.6 81.3 11.1
RDN - YOLO 94.2 88.1 93.5 8.1
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