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Table 1 Main steps of crop leaves disease detection based on deep
learning
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a. Bacterial leaf spot of pepper b. Early blight of potato
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c. Late blight of potato
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d. Early blight of tomato e. Late blight of tomato
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Fig.1 Crop leaf disease images with simple background
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Table 2 Relevant research works on disease type identification based on single background image datasets

FEy BELER Y i Y T2
Year References Crop Disease types Model Accuracy/%
2022 (23] . %%ﬁ%ﬁﬁ\%Eﬁ\ﬁﬁgwﬁﬁﬁégMﬁ\ﬁwﬂﬁﬁ\ﬂﬁﬁ\ DCNN 08,40
Gk IR RIS B 98.40
2022 [24] =5 TEM . SEBERT . MOEET . ANBRTEBE S . BERSRS . LUMIIR. TR, LR VGG-16 05.71
" AR T :
2023 [25] EN PR I S ik N W R Y Customized CNN 96.76
2023 [26] 1w PO KBTI B . BIEIR Improved X-ception 99.69
2023 [27] ¥R HER. B SRS KB B ResNet18-CBAM-RC1 98.25
2023 [28] i R MRS R ANEBER . LR B DM-Mobile NetV3 97.29
2024 [29] Eoh %Eﬁﬁﬁﬁ\E&ﬁ%ggﬁﬁigﬁﬁigﬁ%ﬁﬁﬁ\#ﬁwmﬁ\ MobileNet v2 06.44
2024 [30] ¥R FER . BBET . KB AR BB ShuffleNet V2 95.14
2025 (31] oy ATEREROR S WL EE, PO SRR HEEIES o omBottleneck-VGGNet 99.12
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c. KFELH
c. Sheath blight of rice

a. SER
a. Rust of apple

b. AKAEA K

b. Bacterial leaf streak of rice

d. i:fkﬂﬂa
d. Leaf blight of corn
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Fig.2 Crop leaf disease images with complex background
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Table 3 Relevant research works on disease type identification based on complex background image datasets

o S0k 1E®) Pi A H TR
Year References Crop Disease types Model Accuracy /%
2022 [37] BV N FEAEG S MR . BRI OIS B, R SKPSNet-50 92.90
2023 [38] R R MPTE KBTE e 8500 SDINet 91.16
2023 [39] R B B ORR . KPR it EfficientNet 99.13
2023 [40] Fent ZOURR . ZRARM B . ZRE AR B AU 2RI CBAM-TealeafNet 98.70
2024 [41] PG PR B CBAM-ConvNeXt 85.42
2024 [42] EPS KPR I e 414 s LSANNet 94.35
2024 [43] EN B NP BB SREM TR KPR, SUNR MC-ShuffleNetV2 99.86
2024 [44] R DRIETA PR BB BEE . HAEE MSMP-CNN 98.5
2024 [45] ¥R By N 7 N o5 b MA-ConvNext 99.38
2024 [46] M BT IRIEWG . BRI RO B COLDR-Net 97.19
2025 [47] Fent PO PO B . IR HUR . DM TR AR LTDDN 98.03
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gk AR S B A EHE DL A 1000 5K BB I R, RN
Uit 1 SDINet #5574, 5 7E DL/ I ZRAFE A S i E 1
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FEARRIBCE LBy 10 9 I, BERY R ) o 7 3 1k 2
91.16%. T35 $2 th 7 — #2503k 11 EfficientNet £5
B, BEPNBR T TRSERMN R HERE ., R
fl& 7 EfficientNet-BO 1 DenseNet121 HJ4FE$& B 2,
FEIN TSR R, DU 50 SRR A I 1 e
B SR 9 T S PR A5 R B WS R PR A Y 1)
B, CHEN %422 RUE 2 b B RZ M4 (multi-
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CNND, F&iEITEB 2177k, £ HRIE TSI 17Xt
T R F R 98.5% MR A HER R . BB BT K2 A
CNN A EEHELIT R, Jfasa Tim APl IENE A
IR EOR T B, SR T H AR N B e iR
ARSI .

EAREENRE, U RERTHR I HER 21 [,
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SREEE]T 95.95% F193.05% VRS . QUAN 5% 47
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HH A% B R H R4 L IHERZE 7908 99.04% F192.82%.
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R RARACEILSE, SR RAS R R AEYIH o E BB
2R AR 22 5, DASKBIUAN R0 35 2R AL A SRS R )

2) BRI R B TIFRBERHIIRE % IR,
BFE B BB 200 RIFHEESR TR, Uk
KABRM SRR DEUSH ST RESTR,
PRASERITE R A B M RE I R, e B R0E AT .
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FEH T IRAERE B SRR AR T YLRE T X 2 A
] A2 4 2554 L ResNetS0 178 Sy LAtk , 3 3k 76 A 74 7k 25
&) Base Block I AMBALZE . B 452 THHT 4
RO, BRI 7RA A R
RTELS AL S A g e R AR B B RE 7 AR
HEff . JAIN %507 454 CNN RIS B3, R T —
FhH TR 6 FPoAS [|] 7™ 85 F2 BE 10 B F5 b s 35 AR A,
AR 20 2 B HE B R ik 96.04%. i [ b 45O i 8 47
bR, ¥ NZRERIRE DS NER, It
5|\ SE VER SIHEHLA Inception #&5, #it T S-ResNet34
TR o T2 TR Ko e T A 1) U Y i R v T L R IR
B, FRAE DT AR /N2 S R A S R T
WEFT, Sl Xt GrabCut SLikEAT s, K/ f

5 MG 41 5edt A7 o0 %), R A oot ¥ ResNet50 A
A (B-ResNet50) #EAT R0, Ao il i ~F ¥ #E o 2R I8 2 1
97.3%. ZHAO %P8 it 7 — b itk (1038 38 A 2 1) 7%
JikEEL, K AR N ResNet [k ZEHerh, DU sRAE R
X 2 B R IR A A I B ERE T, B 40 B AN . i e T
A B R IA R T 95.37%. ZHANG 2505 &%t
FARREE R oSt i R R G S 2, $2 T — R =
IS SO ZE v T P 5B Y, SIEEN T 0 T 1 JEk
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Table 4 Relevant research works on combined identification of disease types and severity levels of crop leaves

T BEIER AW Jo A i EFEEE RISy LA HER %
Year References Crop Disease types Classification of disease severity Model Accuracy /%
%] WG BIRRE. MR B
2022 [60] EPS B WP . BN —M. E itk RegNet 94.50
i B MR
2022 [61] R BRI, R W Inception-ResNetV2 90. 82
2022 [62] Ry 2 FURER BRE —fi. E MobOca_Net 97.73
2024 [63] et éﬂﬂﬁ?;;g iﬁﬁ %ﬁg g%gﬁgmﬁ‘ iK% % = TomSevNet 96.91
2024 [64] IKFE FZ . R MBBEE . AR B, BEE custom VGG-16 99.94
2024 [65] P IR TEMG . BRI KB M BT HA 1. g2 RepDI 95.62
2024 [66] R FR SRR KB R G540 — R, mE ResNet50 98.72
2024 [67] B B HEDT S SRR RN 0% T K. MK SE-MultiResNet50 92.08

ek 00 S o A A LR R R IR L
A1 2 RO RFIE AL & 25 R, XF RegNet #HT T4k, If
SEREITHT ], MET N2 RIEYRERNS %
AR B EL AL, SHRUTHI 25 $2 11 T TomSevNet & &
LA A B, @RS 30 MR Ha 4
AT UNGR, AR T A R A e T AR
AR FIRE R FE R S5 E RSN A B
TSRO A0 A R T I, AR T RO R S BT
5 SR 1 e PR AR R ST IR AR . (B, SRR
TS SRAEAEVE Z2 B AN I0] A Ry R U, AR SR 7 T DL
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Fig.3 The development history of object detection algorithms
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Table 5 Comparison of two-stage and single-stage object detection algorithms
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Advantages 2) RS A IREE e B M VAR X 5 2) BRBMSHED, GTHG R HE
[ D ZHER, WiFRBEN R 1) KA AR XHIG
Disadvantages 2) RN, Sk 2) WF/NEAREE HARRR, 5 H IR R 4G )
REF

Representative algorithms

Faster R-CNN. Mask R-CNN

SSD. YOLO

4.1 BTN Eg Bt E AR RIEDRE AN
KU B H A i SE o AN R IR 1 SR AR
) o N HEE 228 B A0 226 X3, 98 5 $R B S8 X ()RR AR, DA
€ BBk XS R R S E . 4T, W BURAE
Yok s S 0 B AR DU 9T, = BLEEISE Faster R-CNN
Mask R-CNN & 7.
4.1.1 AT Faster R-CNN Jik 69 RAEM =t A 4 F AN
Faster R-CNN & 7E R-CNNV" il Fast R-CNNU! (it 3%
fith 32 W —Fp H AR B . 1% 7ESI N T RPN, e
% e R A il T BRI X 4, F 55 Fast R-CNN L=
URRAE, G0 T R AORFEIR L, IR ETART.
BREFR W, T Faster R-CNN R TULE A /EY)H-
o B H bRk AR S R T R RE. B,
ZHANG 2V 56t 42 24 H ) 37 3% o B K 0 A o9 S A6
W], B — R 2 RRERL A Y Faster R-CNN B8, 32 5%
25U {1 7E Faster R-CNN H1 5] N7 FPN, L34 4 58 A 1)
Z REFRAERE M BE 71, FF H KA Rank & Sort Loss B %}
R R R, il T REAR A0 AL I /. %
J7VER 2SR TE T A 22 b 2 00 ke 0 ) v R
2 U Sl 5] NHFAE 4 7 B4 (feature pyramid
networks, FPN), #2H o33t ) Faster R-CNN & B T
ST EH [R) BB o R 5, SRS I EIA B T

86.39%. HE USRI T —Fi3E T VGG16 R F2 B
MFaster R-CNN #8,  SEE T AN R RS T )RR
Rl BT 3 Ak R B 5% 25 I 4% R RO (region
of interest) WAL/, #&H T H T/ 32003 ks B AL )
et Faster-RCNN #7 . BARI 258 7 Faster R-CNN %
FEHGINT RPN B84y, SEHL T X /KRG e = e i (04
AT TES Pt AR

{HJZ, Faster R-CNN B 5 5 727 30 R, &
e DR I A SR AR P95 35 H s A 00 A3 1) g =
17 . Faster R-CNN 15 8 % e AE R FE A7 (R R BR 4, %
BN B AR DSBS TSR A . IR, ROI
WEEZ T HEEES X, NMUHFET ALER
TR, HRERCTRNEE, SRR ER
M5 T HS2m . teAh, RPN AR A 2k X 4 A 4
FEEBE SR R E bR 5y, A B R K B R A
R B8 SR AR A, A DA TA 380 AR ARG I R R, 3k B o)
T IHAESEPRE Z 3 5 RN o AR AT 78 RLET X
DA I o T AR DGAIE 7L, LA IR AR b A s A
MR
4.12 #T Mask R-CNN H ik t9 RAEMet A % F 4

eAh, WA ¥ FH TR T 2T Mask R-CNN (14
VEW 95 F K A 95 . Mask R-CNN & 7E Faster R-CNN %


http://www.tcsae.org

917 W

OB T BRI R I s K 21

it - S A I A ) A 500,  HL i 3o 98 o 0 % S A
(483, SEEL T EARKY I, U4 250 S 4 B 1 3 E 4T
WF. RN, iZHZE RolAlign £ % Rol )2, Mk
THRHEAXE SR @, Wik — i m TR E . B
3 R 7 —Fh ST FPGA JI ) Mask R-CNN 7%,
F T B9 B AR ) 5 5 T o 2R TR A A0 4 IO 2% 5 He
5 MobileNetV2, F£5] N\ FPN i fl &5, ©E
PR T RIS BE A2 . REHMAN £50582 $2 1 7 — i gk
T Mask R-CNN FUE# 2% 2] (A A, Sl 139 R
FRAVHH bR X A FH AT, H7E Plant Village 4%
B FIA KA N 96.6%. BONDRE 25053 45 1 7 —Fif
% IFMR-CNN F#AY, 8 F A Mask R-CNN 51
Bl EIHAR, LTI LR E, Foan. EREZRME
W R B PR T S AL AN 4y 2. ELAR Mask R-CNN SZFY
TR ERRVRAEDFERN, (H 218475 5 A X g,
G SR 1 A A SR =Y. Rk, Mask R-CNN 8
KRAEAEAAED R B ARSI 73282 N .

g LAk, XU BB ARSI AR R AR B
AT 78 oh AR 7 — e ik, B E
T, R SRR T AR ORI X I, xR i
e DX IR AT R 4 A 2 AN AL B . b AN, %R ENE
50 BHE A B R R B SR A, R R AE I R SE B
L FH R HE DL RN A AR 7 TSI ) 32 3 E AR A
i
42 ETFHBEMEBFRENEEZNRIEYMFRERT

BRI B E AR L DL E AL, SR, 7EH
PR IAE S5 B T B . SO B EEA L, B
BB & T KR BOD R, B EUE 1 E Aridk
TR S AL, SSD Al YOLO FFI/E B b B Sy 1) gt
BT, NILEME R KMNEED, F AR
AR IIRE B2, FEAR AR P73 S AL 45Ut B A J AN
42.1 3T SSD H ikt RAEM=t R Ja E AN

SSD Hyk 38 i — Rl BRUMET T S mg, ST 7 S
P25 R BRAMAE 2 [E] X B 56 R o RN, iR AN )
JEE [ RRAE B SRAS I E AR 500 8, 455 o 21 vt 1|
7, BRCPEE TR R SRR . 2R R
H 7 — Rl T SSD HE A2 Mu ik (AR AT I o S A I AR AR
ZAE AR H MobileNetV2 {F N M 28 1) £ F#84r, &
TR BP BRI CA VR IALE, R E ST TARAE R A
o5 SR UL P S R . WANG B I TH T2
FhAE M F % ARG DBA_SSD AL, iZ AR FE SSD
FIZEAE BN T Ix1 B, FRZEM S AE =AU, AR
RIEHNT 92.20%, FFHA B w1 ERA I . 5
ol e SSD Bk R F, BEBHRETNE N
ResNet50, F4E R & 20 m AU IERL G, M T
SSD-Res50-3C #7Y , iZ AU 7E H B] &2 2« SR 855 v 1) )
I ARG 0 RSP R R AN 92.86%, AT IR 4A
SSD Je HAth F 3 H9 H br A M 57% . SUN 26 kg 17—
A4 AppleDisease5 [FSFE SRR FHEEE, FFH&H 7 —
AN B 2R A Y MEAN-SSD. i id# Inception 15
Py 3x3 B9 MEAN (mobile end applenet) #t,

TR TR PG U0 RORG B R R T, HRTh i TR 5
W TSP S AR ERIERA S, BB
ML Focal Loss $ 2k pR %L, $&H T skt SSD 57, sE
LT SERM R B NS ERGI . FIREh, JIANG 07§
T —FhFE T 2 CNN ) INAR-SSD #7,  FH T3¢ Bt i
P T AT I o IZAR AT S RS LS S R A 4 R
W, CSPRIRSEEIEIA R T 78.80%, FEEE K 23.13 Mi/s.

AR T WU B H bR A I 592, SSD B3 Ao A6 i
A THRRMIRTE, 78R A IR 5T b B 5w 1 R A
fHo {HJ2, SSD HyEAIER M AR A<= B KR E
LIFHE, &SRR IRRIR P, ELN B AR E R
MR R AR BeAh, ESR SSD HEERH T 2 R
HEATRGI,  ABAS[F) R AR AE P 2 1 i 2 7 kR X T B,
Bz BB ETXER, 5FBURFRMAREASL.
E R N G Y 15 i A e P s 2
SSD SIEAEAAE A5 A I A1
422 3T YOLO ikt KAt ki Ja E A

YOLO H b I 52 ik O 2K H BrAS I el 25 4% Ak
NIRRT B N 2% S S R P R DA
ZEFNG BUR R 73 RS, BEAS A% B 57 T 22 >3l
HE,  [F) B 4 HH X R SR AE () o B RN S AR R, AT 38 4
A (A DX A D IR, S S PR T TR AR A S
AURERE. H YOLOvI B3k, YOLO RAHE LS RA
AT TANFEFE AL AN it AEAS U B . R FE AN
ARSI S T B RN . FN, YOLO Hi%
(11 Z A WA FE AR AEPIIT 993 35 000 B A 7 A5 2 7
Z A

6 B TITEREET YOLO R4 AR AEYH
I R TR . T X AR AR Ml St S AR DU 1)
PR R, RZWERE KM YOLO RAHEE, L1148
HSLHRIREE R RREYRERNITR TR, AT %
Y ARIREE R B3 SR o 2 R A R X S TS A
B0 5 BRI R g, YAN 25 P49 R ¥ i 1 FSM-
YOLO #5, HRHRT: T3 R M- FREE i I ae 1, I
FRINSEIL T E R 2T BN RS BRI . ZHANG 250
REFEME T —A B RIS P KRG B AR 4,
JEILXT YOLOVSs W 45 A4 iy icidt,  SE3 1 /K RE i 1
FRI OB WER I . BB SR T HSCH MRS R
KA EEG, it T 1eRDN-YOLO %Y, %57 fE
HEAT R 99 25 1D v R 8 R o

Ho R U E YOLO B e B4k deit, DME-T7E
BREFAL PR o DA R A 4 2 Ml M A 55 T e a0 %
I BN . Bt R 2P g% A MobileNetv2 1E A
YOLO F5 (PR AE R ER 9 2, P &5 A 15 50 B R AN kiR 28
T ARG AL AT — D R B AR, 7R AR A
99 A DA B IR RDNE, B KR v T R R AR R
OMER %% 3@ 1 i i YOLOVS Bi, {RIF TR B % 2
T U 998 BRSO RO =%, ELBE AR A ELAX o5
13.6 MB I N 17 .



22 flk TR (http:/www.tcsae.org)

2025 4F

F6 ET YOLO RFIEEHRIEMM A B E KR AR

Table 6 Relevant research works on crop leaf disease detection based on the YOLO series algorithms
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Research progress of crop leaf disease detection based on convolutional
neural network

ZHU Rui' , ZHANG Jiayu® , HUANG Jichao' , KANG Rui* , CHEN Kunjie*

(1. College of Engineering/College of Artificial Intelligence, Nanjing Agricultural University, Nanjing 211800, China; 2. School of
Electrical and Control Engineering, Xuzhou University of Technology, Xuzhou 221018, China)

Abstract: Precise and rapid detection is crucial to early warning and timely control of the crop leaf diseases in agricultural
production. However, the conventional disease detection has limited to the low efficiency, high cost, and strong subjectivity,
difficult to meet the requirements of modern agriculture in recent years. Alternatively, deep learning technologies can be
expected to effectively address these limitations, particularly the convolutional neural networks (CNN), due to their powerful
feature extraction and automatic learning. The detection efficiency and accuracy can be significantly enhanced to emerge as a
hot topics in this field. In datasets, the existing resources are primarily categorized into the institutionally constructed datasets
and public repositories. Furthermore, the research scope can be classified into single- and multi-crop datasets. High-quality
datasets can be characterized by three important indicators: the large-scale data volume, diversity of samples, and balanced
class distribution.This study aims to systematically review the applications of CNN in crop leaf disease detection from two
perspectives: image classification and object detection. In image classification, the disease identification tasks were categorized
into disease type classification, severity level assessment, and combined type-severity identification. The CNN algorithms were
often combined with the optimization strategies, like the attention mechanism and transfer learning, indicating the highly
efficient and accurate performance. Disease type identification was categorized into the single and complex background. Single
background research was typically achieved in the high recognition accuracy but with the limited generalization. In contrast,
the complex background studies focused mainly on the natural field environments, which were closer to the practical
applications. While the lightweight model was prioritized to facilitate the deployment on edge devices. And the promising
trends were advanced towards the high accuracy, anti-interference and model lightweight. Disease severity grading was
achieved in the quantitative classification, according to the lesion characteristics, such as the area and distribution patterns.
Many models also demonstrated the high accuracy, computational efficiency, and robustness against interference. The precise
assessment of the disease severity was offered the decision-making on the targeted pesticide application. Simultaneously, the
integrated recognition over different disease types and severity levels was emerged as a hot research direction. In object
detection, the current research was focused on the representative two-stage algorithms (represented by Faster R-CNN and Mask
R-CNN) and single-stage algorithms (represented by the SSD series and YOLO series). While two-stage algorithms was
typically achieved the higher accuracy and robustness, thereby suffering from the large model sizes and slow inference speeds
for the numerous region proposals. Additionally, there was the high dependency on dataset quality and scale. Consequently, the
mainstream object detection models were required for the crop leaf disease detection in practical applications. Conversely, the
single-stage algorithms shared the small model sizes and high recognition efficiency. But the lower precision and higher miss
rates were also observed in complex scenarios. The reason was attributed to the candidate box set, in order to select the
foreground part of the disease image. Notably, the YOLO series algorithms can be expected to serve as the mainstream models
after continuous iterative optimization. There was the better balance between accuracy and efficiency, indicating the high
practical value. Nevertheless, numerous challenges included the confusion caused by the similar lesion features, complex and
variable field conditions, and the constraints of the limited datasets on model generalization. Future research should focus on
the lightweight, high-precision models to overcome computational constraints in agricultural settings; Model generalization to
construct the cross-regional/seasonal disease datasets spanning diverse spatiotemporal conditions; the robustness through
multimodal data fusion (e.g., text, sensors, and thermal imaging); simultaneous multi-disease detection within single samples
via multi-label learning; and the precise, intelligent disease control technologies for the complex field environments in the large-
scale farmland. The finding can also provide a strong reference to facilitate the targeted pesticide application for the
ecologically sustainable agriculture.

Keywords: computer vision; convolutional neural network (CNN); leaf disease detection; disease type; disease severity level;
object detection
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