N E5F st ERHEM B EEIREIR
7ol al: 0T i g

EoR, FEM, TEHAES, KO, I E, B OF, REES, #HEELY
oA
1T RLERFREEEEREAFERR, Fé RN 450046; 2. AEREKRFRFR, T
#59H 450046)

o

OB LR THAIEF ] B ERZE N2 (convolutional neural network, CNN) #94E45m £ 12 7 akd
BT ik, RAMILTALESF ] H ONN FEY R IR A6 X EHE AR, CHEMIBRR, HABLEZ, S %,
MM, HIERREARES, BABRIESFAALRNAE, S THEHRREEFORCRE, FATH
FHER@EOHEET LS., THETBRSAZNRI RRGHRES, HEELETNEFIAEERTER
AR FIRA KRB BARGE G, 7RG, ST EANARTALNIKE, FRLZTRRGATT &,

KR BERAPZRL; MBS, TAFI, HRE: RERA
hESHES: -1 XEIRERE: A

Research progress of machine learning-improved

convolutional neural network in crop disease recognition
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Abstract: This review summarizes the integrated improvement methods for crop disease
identification, evolving from machine learning to convolutional neural network (CNN). It
systematically outlines the key technologies involved in both machine learning and CNN-based
approaches, including six major application processes: data acquisition, data preprocessing, model
training, network architecture selection, feature extraction and fusion, and model validation. The
core reasons for the performance differences between the two methods are analyzed, and the

shared technical challenges—such as high data requirements, high computational demands, and
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limited generalization capability—are identified. Corresponding strategies for using machine
learning to enhance CNN-based crop disease identification are also summarized. Finally, the
review highlights current research challenges and discusses potential future research directions.

Keywords: convolutional neural networks; machine learning; deep learning; crop diseases;

disease recognition

TP B R P P B I AR R, R ™ B R gkt
Yo ORI B AT SR AN G, BN WRGHERT VA « AR 2GRt AN Al ] #5482 e S i 5
Tt PR IEE o i TATL A 27 >0 ARG R 22 X 2% RO 090 5 U ) D V250 24 i1 s 25 00 0 3=
Tk FHE DR BRI T, B2 LR 5 A AR R 6 Kk e,
LS 2 ) R TR A U, T8 27 SI A L 38 2 ST I B By 3 M, AR SR B
25 4% (Convolutional neural network, CNN) HEM% I I i 3] (1 5= S 4 = H shHEEEG 1) 5 =
YRFAEDSY, AT {0t DR S o ARTHT,  F TR 0, ABEDR 3R Ry A & R PR, B
— LA 22 2T R CNIN AR T 1R 30 7 378 B A PR3 A O R T e R St S il
ar i ) FEXT CNN EAT LA, A RO 1 W SRR I ISR R P37 AR
BRSPS 2 ALRE SR 2 2 AR BEE MEL . PRI, ASHIE AT KL 2% 7 5] B3 A
W 2 R 40908 AR Rl 5 SO T i o T B 2 ST MG R 2 X 2% I A 15 VAR A 5 R
U )M R TR, S 5 T B A s R SO SR, DAL 2 20 Xt S R e 42 1 2% f1 Xt e
FIRBES, tWONARRAEYIE R A BOR IR A %5

1 W2 S BIEFR MR EYs F IR AR & Bt 77 A #d

1.1 BT RGN BRE S MMERE IR A AR EFR MY

VEYR 25 5 R BN 5 IO REIR B 0, R 3 AR N T g 556 Fy, BN
FHAARE, (HBCRAC. TR, A DL 2 KBRS RO 755K, 128 bl 58 m R 38 H A
BRIZ ALRE ST AR BN B8 5 ) D v BT

FE GERLER 5 STTEAE AP TR b R N ] 43 Ay B 27 20, To B 2 S R i B 2 o) =2
B, SZ#Er &ML (Support vector machine, SVM) . #3EHt. BENLARMES HUEE, HHTIA
B ST RI A A0, SR T M 2 ST k-means BB 32 gl 20 B a5 i s AT
B2 RBRBEYEATSs: PIB G TR R, DIRERAEE . BT 1%
GEHLE% 2 ST s R R Ry 2 i R O ] SR AR B AT 0T AL B, RO
P55 R AR FFAE TREN T B R AT B, Pk L AAL28 2% S B 52 R 5l Rl 43 2K
P GERL a5 STVEAD AR BB AL S A T PR, e, AHEL N 5950 N B, EVEY iR
B 5 AL, (E H A AR AR SR BRI T2, S AT PR M, AT SR
FR T 2 U AT IR T
1.2 REZIFEREEEYRE RSB IR

THERE ) IERTH 5 KB MG HE 1 AR B, T i 25 ST 3R T A Ay A8 R i Ak ) o 22
FR LR, tLGiHLas 2 2] 2T N THRE TR, AR 78 B B A0 TR FE 2 ) 5 AR s
TR AT g 7 A

TR PE 2 1B B IS R GER 50 )2 AL BB, L EEALAS 25 33 78 B e R B B
KA, AT UEREE N IR RRE, 195 0 SRS s &L, MAVEREET
CNN 42 H B B T8 IR B 55 (IR B 2 SRR S — 9, % T 0o B 2 I A7 R
L, HILARLEHAIESEFZE (Convolution layer) . #0% k%L (Activation function) . itk
JZ (Pooling layer) Fi14=%#: 2 (Fully connection layer) 28, CNN @it £ E&FUZANAL



J2 8 B9 TN B L 0 2 2 O AE R R, R A e R R R S B A R
Bo MPRBENIEARTG. M. TX. B SERSEWRORRERINT. pigsRkGmER
FE SN RAEATS T2 A CNN BT, R A sk 0T, S CNIN R 5 R AT 55
h RS, (HE R 402 E R H, BRI St Bl A S B R R TR AR Tk —
BIRTHER PR PL SIE R, 311 T CNN Fla H A 8 B 7 v iR e,
1. 3 Ml 385 S Bt BN E MG R IR B 75 R A

P GRS STROBN T HRRAE, X UG 8 44 2 I EYR E R IR, R
RBP4 1 LA — AR L 7 X — O, SR, B S 3 5 IR 4R
J&, CNN MIRIZEHIR TR IGRRR 5 8 RS 7 T AR i S0, A A 2,
WLAS 2SI IR R e AUk, TR B Wi NI SIK R, 5 CNN S5 BIR4E i 58 iR
T FERBESS, AR R T CNN I (484K 1] 251

RPN 28 VE DR AR 77 O 7E T CNINBEZE R il S AR P [ BB I s 5
TR BUEFR , AP0 22 190 46 T A B 1 0 75 SR T8 22 J2 VR 5 5 3 I3 1 5 1 A
L3S S P EBNE] CNN BRSO IX EEFR YT, 7R CNIN ZE SR IR fiE 2 =
AR B, HLESE S AR S DR S SRR SN, {343 CNN il o
I RRORS Y, 0 K AR B B SRR L (SYMD AR (DT 7]
5 CNN 25402, lid B s B, 2 3emsietl, - BIRTHRBIRE I, shabh, saikey
STRVE RN ZS (GAND S5RGBT, W B e T AR & R A B e vt . il i ix
Bk, HLESEES] 5 CNN IR A BRI R RS 05 3 TH R B AOER S, LI T R TR fy 3 S
FZACRE ST, AR SRR T g2 # I BOR S

VEWIR B R TT IR T AL GEML 5% 2 ST 100 % P 5 R e 20 X 4% F) PR Je 8k, 385 52T 1
H1 N TR AE SR IR [ SRR 2% ST 064, IEZETERRLL CNN ot Bl HLa 27 = s ms 2 g
B R o R — 5 B S SRR B0 S 11, A 7 B V93 3 AT 45 ) g ot F o
CEL e # NI

2 ETHRF IBOEETRHEMEREYRE R A X ERAR

2.1 EREIRA P HEFE I 5SERMENEHN N ARIE

AT B AE B FHBI FORL A R, RBENLAR 57 ) 5 8 AP0 22 I 28 ARV E D0 IR AT 55 Hh i)
AR N R R AR e, RIS R R 22 R A% L
2.1.1 38 FEBRAL: E4m ERA AR B

L2721 5 CNN FEAEY03 35 R ) v B B AR, B FE 2 SR £hdm ab B L 0 )11 25
WL BERIE R FRESR IS o . BEALIRUE SN .

RECE RSP IR A LR . (R ERREH RIE TP, 1 EREM AT
P 2) HIASEHREE; 3) WL CH . W H B 7T E e R R i & e s A o8
W5, FENEEATAE . W L AOBOE B EP L ) Python 15 S E, BIEHEBEIE
Rsby B p i, e, RS, REEdERE; S MARE T EPabelimg
5 labelme N TXPEAREFRIER FH . HHEFERLFEELE, HEVAFIH CNN FHIE TR
B TR R 1 b B T BRI B R BOR Y, AR LA e, A3 1A AR AL R (A e
ST I I I B R 34T AR Bl OB R AR, DA R FUASTR 38 2 58 o AN R PR B AR ) i
N o BHE AR 2 SR TP AR BRI 25, BRI N s 7 SR SRR, ALas S I Tk
FH I SE R I 2570 26480, T CNN ST B AL AN B 7 ST IR RS AP, 7 I 2% Mg 8 9%
b, WL S ALEE B TR E M 4%, CNN BASRH 2 R E5 0 . FrESE B Bl & 2
SITF MR 70 T 3h AR B BEAFAE, 1 CNN J7 EEiE i B0 28 2% H shRBUAS A 2 VR R4
fiEo BLAS 7 >J H CNN BRI 252 Ji i H 1R 45 1) 75 i 0 A8 SR B R PPAl Lt e, DB IR



FETR PR T SR AR B2 o 5 LI5S SUIAIE T7 1955 BIK fold 52 UIRAIE . B3 IRIE RIS 2 K
Y128 G . 18 A8 YIGAIE 25 A R BAR T S8, MR (Accuracy)  FEHf %
(Precision) . A% (Recal) . FL{E. ¥ 5iiRZE (RMSE) Efatr2 bR RI .
2.1.2 LB F 3] 5B G R %oy EEME £ F

AR, L2215 CNN EBPEIRE. B a3 AR AL I8 B Be S A AR ], i/
BHRNLR P28 28R 1% BEFNRFAE B2 AR A o B A AE B B X, IX 2 o PR 22 R O

TEHAR NGB B, AR I8 H A VI 2R ) SRR, ML 2 vk 22 R ] s AR e )|
Giodsds, B, SVM it GRS IEAT /028, BEALARRIE T 2 A s 5ok iR
morRRae . 1 CNN ERASMNAFHE TR, Bl 2 2682 Mtk 2 F806 A W 2
STHRR AR, TEiR R 325, IR MR T i B P OB Bt 4, R AN AL
W BRI RE . 2% 0 R R R LR UUE TR BT B SR ML S I BRI A T
IR . SVM. RF 25 (113 2 R4% 04 58 B IR AT 5500, CNIN B R ] 22 IR 35 s
), B0 VGG, ResNet 2587, HL38% S 400 RS T S R AR, (E7EA0FE s e 504
THE ARG, 11 CNN BT 28R, R&TERIRHEY JRe ), (AiFEERETES, W
AR A T A R R R m kAR . RS UENLA 5 CNN S KX, &5
LA A PERERS, LB 2SI R N it . SO RIRIR 260 70 % T Sh 3 B i e f s
fiE, T CNN 7595t B8 2B % E RN FE R IR MIa% . A s SRR,
BIGH TARGE P YRFE, e Pe e R E . MLE S I RHE TR T XA R, &
Sy PG, 1 CNN B 3% ] R AR M RREARE AR DRI o R0 R S sk sz v
BE. HHAFAEIZARE SIS 2 1 1) A

B 6 AL 27 > 1 REUR 22 0 248 16 A 42 25 A ) PR A R ) 22 32 S B, i) S 7R 4
TR THE R RERZ AL RE J1 25T T, FEIR AN PR 1 P B AR AR S B o2 o BT T 1)
L FJRAHME p 2 BT T E A, N S SR SRS B H 25 e kit
2.2 EEEMIREIRA AN S I RERHEME LB AES
2.2.1 HHEEKS

VEVI4 T RSS2 () B0 1) 2258 R T DX RS 1 o B A v s, 00 ol = s
AT SN AR P GO, LA 22 ST (R TAE AT CNN TR JE I % I 588 75 K bR
FEAS o SRTMAE SERR B H L SREG G RS AR ARV B A (A A =y, 3 AT e 52 B A
ST . B b A N 7 ) ) RN o AR PR R IR R, BT RS R N I ST R B SN
WLES 22 IR Y2, A BRI T B 75 K s AR A A
222 HEFRERS

WA 27 SRS I R AT R BRI R A 0 B BT ST K, RO e 4 $dim I G W
CNN i3 BA B RIS HEE M5 5 2 18, bR e YR i R e o ok TR 40905 25 R )
1155, JCHRAE S PEESRE @ 35 T, VSRR SR e A PR ) T AR R (1 s et 2 1,
V] BT B0 A AR BN o 24 BT FUAE X 2% ZEAL R 18 P A S ML 38 2 STRFIE IR 3 5 il 1) S
H, SINBEEFMEMNSEET, EA RMEEAE AR T TR R IR FE .
2.2.3 2N TRE

AR FARNAE S5, A2 A RE 70 TR 8 HAE R A B B a2, LAR )
B A S TR L IRHE, 5 S80dA . R ERME ML, BT HE A
SRR, HAFEUR, 0620 R0 g o B 2 =) B0 T S8z Ak
REJIA R o NFRUZ AR JIAS R 0], TF FU3E A 148 Hh 70 5 R 2 ) 248 R AE B B S5 R B B
BU, BN ST HR 2 R FHEARBURE AN & AU, B8 TiE 23t E.



3 $txJ KEEXE R RINLES F ST B BRI LR PR 48 SR

TEAEYR E R ATS T, HLa2E 25 CNN 45 & B4 oA IR FHR BIRG BE AR AP AE
FEJ A, FEEIET RS R RIEFRE . B A IR = KA A, A Sl X
] P AME D90 R R VAT, 20 B NGRS BE R . R fESR I SRk a3 AN J7 T E
Y1 2 TS SRS
3.1 T AR

IR AR R BR AL EFIN R AR R AT IE R 22 o), RIS FH @I 2Rt Al ok L il
IR BNEYIR EIRHUES T, AT ULR R AR BE % EBR R, ek, Simatd
SINIERE 5 I G 57 (58 T AT 2 o0 R0 S A5 APV 28 X 288 1D 05 S5 R 8 S AR IR
(KPS R 2R 1k B 95.67%, AT SOG4 P 3 S (BRI . B eI . MD S5PSLR TR
2 >) 454 MobileNetV3 FIRE YRS TS AERE GO 4 AT S5 T, R4 2 A 4E 11
Sy RUETRIL ] 96.14%, TEIFSEEHESE BikF] 93.25%, iEH] T LA 2 S A R, Vv 4B
P tH LT IE A 2 21 1) B B AR TR0 R SR VGG-SVM L3 73 SR 1600 & 18 2|
98.29% 1 P32 o ITF% 2% SIE A — PR T BonT DU 5008042 0] RS b v 0 1) 446
TERRE D I DL B RESRAS B IR AR RE, ORI 7S5 T 2 N T Ve H IR A5
3.2 MILEERMIRIB it

BEE AR, CNN [EECRBIE I, TR SR T RAWIE K, BEAEERNE
1A o BT X8 Bt sl N 0k 4 25 IR BRIF- &, BF A& AT 18001 T ShuffleNet 22 &40 4%,
FEARIEIR R BE IR, KRB TR S B M 5 44100, SINGH 2P0 i T —
g BN GHMAEMNLE “VGG-ICNN” , A H 1 4~ Max Poll. 3 4™ Inception $t. 1 4
GAP #1114~ FC Layer il Softmax 4%, RAG%) 600 T NSHEAR, w/T KZH 0T HM &
PEBETR 27 SR, iZRLE PlantVillage BiiE 4208 5] T 99.16% I HER % . WU 5P 1 iy
T GC-MobileNet #1425 2 &% 35 UM 75, F T 8 800 28 BORE A0 365 70 G (4 43 28
%L 2] 98.63%, BLAYSEFIN 2.08M, HHFHERAAE G, RN RIS, I
HH 1R G P65 A R O 7 1 o 5 D) 28 2 A ) AN W 50, 6 A e A0 050 5 SR s 11 [
ST VEEAZ IR T & LI RO UE R, RO B REAL e T RS
3.3 FHEREFRAE

Z REERFESRIURE R IHLEI IS, S8V CNN ZEAS [FR B B3R IR AFAE, 155
SR B I E B, AR TR TERE . Sk S PP ot S SR
BT T 2 RBEVER SRR E WX 45 18 77 106 JL09 SR , e Hh 1A 7 VA S SR ek
G BEAE b KR B HERR ZRIE 96% LA b . 35 PO H I 4 P 10 URK A AT i 75 (R A VB
I FE I 577% BimodalFINet U 91.28% (1R A AERG 2R, %45 H AT 5 4 (R E SE L e
B g T TR BE N AR A (K195 S R BUR AT AR S HF - FENG 200 et 5 AR By A bk
(CBAM) ik ZM 4t (ResNet) M4iE, it T —FiREGHMHE (DCNN) S5HK2 2]
AN 08 T RFAE 1207 VR B B RAE I B R I 2 1) ] 3 RIS A SR S . CHENG
£ lS1YE VR g 2 5] 4% MobileNet v3 fIZERE b, BIN T —ANEEOEE AHUH], S 7 98.7%
WA . 2 ROBERFAESR BRI B AL 5] N SO0 T RS 8Z ALRE 04 2 PR, BEAY Y
AT SEPERISE AR BICRIUE, AR BV F AT S FR 4 T A AR S

4 RESRE

LRI M2 (CNND FEVEYI TR 8 G180 B A — T SR B2 5 N T
REARHI R Z:HEST . CNN BAT s R I GRRF AL SR ERE /7, T HLEs 2% ) Bk A T Bl 4k
BRI R A o P R 5 S AR VR0 B R SR L HEm, Aol A= 5t 7 I


https://scholar.cnki.net/home/search?sw=6&sw-input=Cheng%20Hebin
https://scholar.cnki.net/home/search?sw=6&sw-input=Cheng%20Hebin

ARICFF. B GINEBEST L it CNN Z5R955 7535, AU TEYIR & 108 e IR AR AL 1
R BRSO, AR THLL I R B0 1 i A 5575 T PRI FE R 5 BB, D ARSRAR SR 40
SRR S N S TR SIS HAUELE, 0 Tohn s pb e, (R E SR T 24 R
AHEEE L. TR, HETHLEY SO RERMEM L (CNND EVEY)RE R 5 SURAT)
Tl — L5 Bk A Al ] 85

L) FEIERSEMPER RIS, AR 75 ZEORER KRR o 0 ] £ SEIN PR AR 2 2 TRl 2
ST R A BRI R AL, £ T T U AR £ AR BB RN JA BRI SR AT Bl (it 2
BIRCEE) 5 DA AR TR F) ] 5 A o — R BT A R e AE T S B PR O T In s
R RTARREPERT L, W] DA B 5 AR A L8 27 2D SR, I PE iy, SRtk — D3 iR
HIRIHETVEA SRk, BRSO FESCBL RIS MU« O S MDA 2 e, HESH IR
WRBARAEAFUEAR N T2 R -

2) IR THLE A ST ) CNN AR F R SR K SE AL A AR HE ™ 24 B
FIRDBARCHA BHNH, EEARREEA T 18 SRR EREBAR, MR ST
I BOREBRAR IR 2 M SO T HABTE N [ Fsehss o DA LG 28 SR Al SRS
P, RBORB AT SERRAO AR o, AR ISR INAE S . b 5 D i AR 55, IR, Il
RN T, FERAR RXEH BRI RN I RE ST, HEBhAROL A 18 GE A A ELAL
prig/e

3) HEREHL %27 2] h ) CNIN AR AE S B AR A B8 i A B AN o g B AIR A P AR
i /2 BRI AR T BB AN PR 55, 7 B2k 2D Wt Fe ) A et () CNIN AR RS oz 5
I BN o 1T PAEE S0 it HEOR, K AR AR B T A B B Re AR LR 3h Bt &
A S A 35 5 PR o XM 7 SN BE 8 Ul B AR A S IR, I BEAE FH a) 3t Sk PRk 2
BRI E WA R, SEOLSEN I, SCRPRSHEA O TR 3R

BE X #k References
[1] ZfE8, T, FE, & B TRAER R R A A A 7L [3]. AL B3R,
2023, 54(35 T 2): 270-277.
LI J M, WANG N, LI Z, et al. Development of handheld chlorophyll detector based on characteristic
wavelengths optimization[J]. Transactions of the Chinese Society for Agricultural Machinery, 2023,
54(Suppl 2): 270-277.
[2] MRF, TKARH, WWdE, 5. T 2 RBERHERD & A S A LE] R BH00 5 R R R [0]. g Al
KEEEER, 2024, 58(6): 1021-1033.
SHANG J P, ZHANG D Y, XI L, et al. Pepper disease identification model based on multi-scale feature
fusion and attention mechanism[J]. Journal of Henan Agricultural University, 2024, 58(6): 1021-1033.
[8] ZE T4, A, Bk, . 3T BAUH 2 % 1 s 3 SRR 5E 2k [ T AR R 2,
2023, 51(7): 15-23.
LI Z H, ZHOU S B, ZHAO G, et al. Study on agricultural pest identification based on convolutional neural
network: a review[J]. Jiangsu Agricultural Sciences, 2023, 51(7): 15-23.
[4] SRAEEN, VF75, R, & SRR MR R F P e R [0]. Rl 3% 5 9 TR,
2023, 61(2): 58-62.
ZHANG Y L, XU N, SONG Y M, et al. Application of convolution neural network in pest identification[J].
Agricultural Equipment & Vehicle Engineering, 2023, 61(2): 58-62.
[6] XUy, =, RBE, 5. BT B A ER P4 (175 50 300 S5 R O[] TR ARl R S 2,
2024, 58(2): 287-297.
LIUJ T, ZHOU Y C, WU Q, et al. Recognition method of tomato leaf diseases based on convolutional



neural network[J]. Journal of Henan Agricultural University, 2024, 58(2): 287-297.

[6] E3EMH, FH K. BAPL ML 2 R ek S HAE K TR IR 0l b 0 8 [9]. Tl Al Ko
4R, 2021, 55(5): 906-916.

WANG M J, YIN F. Multi-scale improvement of convolutional neural network and its application in
symptom recognition of maize disease[J]. Journal of Henan Agricultural University, 2021, 55(5): 906-916.
[7] xiggdk, sKAL, IRER, S5 J T moa il Mg e o) BB R B A ZLUBBLR B B WIS W], ALy
#k, 2022, 53(6): 295-303.

LIU Y'Y, ZHANG F, SHI Q, et al. Diagnosis of Korla pear black spot disease in incubation period based on
hyperspectral imaging and ensemble learning algorithm[J]. Transactions of the Chinese Society for
Agricultural Machinery, 2022, 53(6): 295-303.

[8] SINGH A K, SREENIVASU S, MAHALAXMI U S B K, et al. Hybrid feature-based disease detection in
plant leaf using convolutional neural network, Bayesian optimized SVM, and random forest classifier[J].
Journal of Food Quality, 2022, 2022: 2845320.

[9] ZHAO X, LI K, LI Y X, et al. Identification method of vegetable diseases based on transfer learning
and attention mechanism[J]. Computers and Electronics in Agriculture, 2022, 193: 106703.

[10] MONTALBO F J P. Automated diagnosis of diverse coffee leaf images through a stage-wise aggregated
triple deep convolutional neural network[J]. Machine Vision and Applications, 2022, 33(1): 19.

[11] #RATIA, SRR, 22EM, 55 BT LN BAR AL RS 27 T BOME ) 53005 5 U B Fe it fe 9],
E LI 243, 2023, 44(5): 188-197.

XU Y X, ZHANG J Z, LAN Y B, et al. Research progress of early crop disease identification based on
infrared thermal imaging and machine learning[J]. Journal of Chinese Agricultural Mechanization, 2023,
44(5): 188-197.

[12] ¥R, BRAMEAL, 2k, 5. BT Sodbd s s m oL iR EY R F IR R 5T 0], LIRR
AR}, 2023, 51(24): 168-175.

XIAO TC, CHEN Y H, LI Y K, et al. Study on crop disease identification model based on improved channel
attention mechanism[J]. Jiangsu Agricultural Sciences, 2023, 51(24): 168-175.

[13] RAHMANI M K I, GHANIMI H M A, JILANI S F, et al. Early pathogen prediction in crops using nano
biosensors and neural network-based feature extraction and classification[J]. Big Data Research, 2023, 34:
100412.

[14] ZE#6Fs, SRM8H, T, 45 Tt DCGAN HI/NEEA £ K05 E B Y 78 77 ¥ [J/0L]. g ARk
RE2£4R, 2024: 1-16(2024-09-25). https://link.cnki.net/doi/10.16445/j.cnki.1000-2340.20240925.001.

LI Y L, ZHANG B X, DONG P, et al. Few-Shot corn disease image augmentation method based on
improved DCGAN[J/OL]. Journal of Henan Agricultural University, 2024: 1-16(2024-09-25).
https://link.cnki.net/doi/10.16445/j.cnki.1000-2340.20240925.001.

[15] HE P D, LI X J, SHEN W Q, et al. Traceability and analysis method for measurement laboratory testing
data based on intelligent Internet of Things and deep belief network[J]. Journal of Intelligent Systems, 2024,
33:20240076.

[16] JIANG P, CHEN Y H, LIU B, et al. Real-time detection of apple leaf diseases using deep learning
approach based on improved convolutional neural networks[J]. IEEE Access, 2019, 7: 59069-59080.

[17] SINGH R, KRISHNAN P, BHARADWAJ C, et al. Improving prediction of chickpea wilt severity using
machine learning coupled with model combination techniques under field conditions[J]. Ecological
Informatics, 2023, 73: 101933.

[18] AHILA PRIYADHARSHINI R, ARIVAZHAGAN S, ARUN M, et al. Maize leaf disease classification
using deep convolutional neural networks[J]. Neural Computing and Applications, 2019, 31(12): 8887-8895.



[19] SALEEM M H, POTGIETER J, ARIF K M. Plant disease classification: A comparative evaluation of
convolutional neural networks and deep learning optimizers[J]. Plants, 2020, 9(10): 1319.

[20] ARSENOVIC M, KARANOVIC M, SLADOJEVIC S, et al. Solving current limitations of deep
learning based approaches for plant disease detection[J]. Symmetry, 2019, 11(7): 939.

[21] TAO J X, LI X L, HE Y, et al. CEFW-YOLO: A high-precision model for plant leaf disease detection in
natural environments[J]. Agriculture, 2025, 15(8): 833.

[22] VALLABHAJOSYULA S, SISTLA V, KOLLI V K K. Transfer learning-based deep ensemble neural
network for plant leaf disease detection[J]. Journal of Plant Diseases and Protection, 2022, 129(3): 545-558.
[23] GAO C F, JI X J, HE Q, et al. Monitoring of wheat Fusarium head blight on spectral and textural
analysis of UAV multispectral imagery[J]. Agriculture, 2023, 13(2): 293.

[24] 253555, B, XIAEHE, 55, 2ET YOLOV8N {3 ih R Skl AY Lot [J/OL]. TR Ak K 24
%, 2024: 1-14(2024-05-13). https://link.cnki.net/doi/10.16445/j.cnki.1000-2340.20240511.002.

LI H Q, SONG Z M, LIU C X, et al. Improvement of tomato fruit detection model based on
YOLOV8n[J/OL]. Journal of Henan  Agricultural  University, 2024:  1-14(2024-05-13).
https://link.cnki.net/doi/10.16445/j.cnki.1000-2340.20240511.002.

[25] ¥&V[3E, #AFEUN, 08, 5. ST RN BT SO FCOS RS A ks DA FE [0]. T g Al oK 2 2%
&, 2021, 55(3): 453-459.

HUANG H Q, HU J P, LI Z, et al. Real time Citrus detection research based on improved FCOS with model
pruning[J]. Journal of Henan Agricultural University, 2021, 55(3): 453-459.

[26] xI4EBH, skfk, BREEIR, 2. 2T Sult MobileNetVv2 I35 H00R RN T [I]. B AR K22
%, 2025, 48(3): 724-733.

LIU J M, ZHANG X, CHEN X, et al. A study on tomato disease recognition based on improved
MobileNetV2[J]. Journal of Nanjing Agricultural University, 2025, 48(3): 724-733.

[27] BEMANG, AT, VriE, & BTSSR AE M IR AT = N EARRF RN RHLKE
ik, 2021, 52(3): 210-217.

FAN X P, ZHOU J P, XU Y, et al. Corn disease recognition under complicated background based on
improved convolutional neural network[J]. Transactions of the Chinese Society for Agricultural Machinery,
2021, 52(3): 210-217.

[28] fAlE 25, BRHE, XI5, 5. BT AEXTFRIRG RN E W 2% 13 M35 35 0 B[], Rk
&, 2021, 52(8): 221-230.

HE Z F, HUANG J X, LIU Q, et al. High precision identification of apple leaf diseases based on asymmetric
shuffle convolution[J]. Transactions of the Chinese Society for Agricultural Machinery, 2021, 52(8):
221-230.

[29] COULIBALY S, KAMSU-FOGUEM B, KAMISSOKO D, et al. Deep neural networks with transfer
learning in millet crop images[J]. Computers in Industry, 2019, 108: 115-120.

[30] AL-GAASHANI M S A M, SHANG F J, ABD EL-LATIF A A. Ensemble learning of lightweight deep
convolutional neural networks for crop disease image detection[J]. Journal of Circuits, Systems and
Computers, 2023, 32(5): 2350086.

[31] RAJ N, PERUMAL S, SINGLA S, et al. Computer aided agriculture development for crop disease
detection by segmentation and classification using deep learning architectures[J]. Computers and Electrical
Engineering, 2022, 103: 108357.

[32] WAN S, YEH M L, MA H L. An innovative intelligent system with integrated CNN and SVM:
Considering various crops through hyperspectral image data[J]. ISPRS International Journal of
Geo-Information, 2021, 10(4): 242.



[33] WANG Y M, ZHANG Z, FENG L W, et al. A new attention-based CNN approach for crop mapping
using time series Sentinel-2 images[J]. Computers and Electronics in Agriculture, 2021, 184: 106090.

[34] falmiy, SROGAR, JHikiE, &5 JEF ok LeNet-5 AR T AWM F R[] LoRLAL2, 2022,
50(20): 35-41.

HE Q, GUO F L, FANG H Z, et al. Study on maize disease recognition based on improved LeNet-5
model[J]. Jiangsu Agricultural Sciences, 2022, 50(20): 35-41.

[35] wha&, #RAiTm, HEE, % FETAIMRGA S YOLO v5 FIFEYI SRR R[], ARVAL
4R, 2023, 54(12): 300-307.

HAN X, XU Y X, FENG R Z, et al. Early identification of crop diseases based on infrared thermography and
improved YOLO v5[J]. Transactions of the Chinese Society for Agricultural Machinery, 2023, 54(12):
300-307.

[36] #¥ian, SRMHT, ke, & FETEARIMBTH A ARG R F ] b EAR LR, 2021,
42(9): 177-186.

YANG Y R, WU H R, ZHANG Y, et al. Tomato disease recognition using leaf image based on complex
environment[J]. Journal of Chinese Agricultural Mechanization, 2021, 42(9): 177-186.

[37] BifE, EhEUE, 4. JET VGGL9 B A W28 FT# 5 T WK 8 & R o 5[], 4,
2023, 46(4): 153-157.

LIAO L, HAN C F, HE C Y. Rice diseases image classification method based on VGG19 and transfer
learning[J]. Surveying and Mapping, 2023, 46(4): 153-157.

[38] ke, b, MR HET AlexNet R AIEYF RFRGIA[]. THEHL 55T LR, 2024, 52(2):
554-558.

ZHANG N, LIU K, YANG G D. Research on crop pest and disease identification based on AlexNet[J].
Computer & Digital Engineering, 2024, 52(2): 554-558.

[39] fATAl. FETAEARPZ P28 (KRG o 3 23 AT FE[D]. s s TR, 2023,

HE Q. Classification of rice leaf diseases based on convolutional neural network[D]. Wuhan: Wuhan
Polytechnic University, 2023.

[40] 1358, MARAE, SR BT IR AR 4% K G 2 Fom &2 R A0, KSR,
2021, 40(5): 662-668.

SHANG Z Q, YANG D F, MA Z P. Automatic identification of soybean leaf diseases based on UAV image
and deep convolution neural network[J]. Soybean Science, 2021, 40(5): 662-668.

[41] BA/NBR, Zsme, mhof, 25 FRF oGl U-Net W41 2 KBRS 50 #I5IAN]. HEHL TR S5
Fi, 2022, 58(10): 216-223.

ZHAO X H, LI X, YE S, et al. Multi-scale tomato disease segmentation algorithm based on improved U-Net
network[J]. Computer Engineering and Applications, 2022, 58(10): 216-223.

[42] KARIM M J, GONI M O F, NAHIDUZZAMAN M, et al. Enhancing agriculture through real-time
grape leaf disease classification via an edge device with a lightweight CNN architecture and Grad-CAM[J].
Scientific Reports, 2024, 14: 16022.

[43] MR, LEw. FET ARG IR R F 2B 0]. B ERL RS, 2024, 26(1):
89-98.

ZHENG G, JIANG Y S. Diagnosis of crop disease based on multi-task learning[J]. Journal of Agricultural
Science and Technology, 2024, 26(1): 89-98.

[44] ESCORCIA-GUTIERREZ J, GAMARRA M, TORRES-TORRES M, et al. Intelligent sine cosine
optimization with deep transfer learning based crops type classification using hyperspectral images[J].
Canadian Journal of Remote Sensing, 2022, 48(5): 621-632.



[45] PRI, RBHI. RPE SR SRR T R O N BT FERE R [I]. o B AL R S 4R
2021, 23(5): 61-68.

ZHOU H R, WU B M. Advances in research on deep learning for crop disease image recognition[J]. Journal
of Agricultural Science and Technology, 2021, 23(5): 61-68.

[46] KB, k5, XIEH. RIS BRI EE 1 0 H BESBIEED]. HENU R, 2020,
37(7): 418-421.

LI C M, ZHANG Y, LIU Z Y. A disease image segmentation algorithm based on the fusion of local linear
and convolutional networks[J]. Computer Simulation, 2020, 37(7): 418-421.

[47] REZK N G, ATTIA AF, EL-RASHIDY M A, et al. An efficient plant disease recognition system using
hybrid convolutional neural networks (CNNs) and conditional random fields (CRFs) for smart loT
applications in agriculture[J]. International Journal of Computational Intelligence Systems, 2022, 15(1): 65.
[48] ZHONG Y W, HUANG B J, TANG C W. Classification of cassava leaf disease based on a non-balanced
dataset using transformer-embedded ResNet[J]. Agriculture, 2022, 12(9): 1360.

[49] E¥EF, #HEZR, R, % FET Ui MobileNet v3-small A5 ) 3F Rk Hpe F R 50 774 [3]. 1T
Tk, 2025, 53(5): 113-120.

WANG H Y, HU Y R, CUI Y R, et al. Apple leaf disease identification method based on improved
MobileNet v3-small model[J]. Jiangsu Agricultural Sciences, 2025, 53(5): 113-120.

[50] /kfh, d&T. RAERHLHIA 2 RSB/ 200 F VU], [ Rk 2@k, 2023,
39(25): 147-154.

LU X W, MENG Z Q. Wheat disease recognition model integrating attention mechanism and multi-scale
convolution[J]. Chinese Agricultural Science Bulletin, 2023, 39(25): 147-154.

[61] #REIE, HEAK, kY, & FTIEB I MGG W2 1) RS N[ A ER Rz
&, 2022, 27(11): 197-206.

CUITY, YANG Q C, ZHANG Y, et al. Lettuce fresh weight estimation based on transfer learning and
convolutional neural network[J]. Journal of China Agricultural University, 2022, 27(11): 197-206.

[62] HEWAMG, Vi, FET, 55 FETIER I RISGE CNN A &) SR R 4[], folk TR
&, 2021, 37(6): 151-159.

FAN X P, XU Y, ZHOU J P, et al. Detection system for grape leaf diseases based on transfer learning and
updated CNNIJ]. Transactions of the Chinese Society of Agricultural Engineering, 2021, 37(6): 151-159.
[53] MALLICK M T, MURTY D O, PAL R, et al. High-speed system-on-chip-based platform for real-time
crop disease and pest detection using deep learning techniques[J]. Computers and Electrical Engineering,
2025, 123: 110182.

[54] PANDIYARAJU V, ANUSHA B, SENTHIL KUMAR A M, et al. Spatial attention-based hybrid
VGG-SVM and VGG-RF frameworks for improved cotton leaf disease detection[J]. Neural Computing and
Applications, 2025, 37(14): 8309-8329.

[65] ', Jrd, 1REhe, 5. FTILR Y SRR B GG A2 M 4 R AR P00 T U0 9], IARTHSEAL,
2021, 27(32): 16-21.

LUO M, FANG R, XU M M, et al. Agricultural crop disease identification based on transfer learning and
lightweight convolution neural network[J]. Modern Computer, 2021, 27(32): 16-21.

[56] THAKUR P S, SHEOREY T, OJHA A. VGG-ICNN: a Lightweight CNN model for crop disease
identification[J]. Multimedia Tools and Applications, 2023, 82(1): 497-520.

[57] WU C H, GU X X, XIONG H L, et al. Fine-grained recognition of grape leaf diseases based on transfer
learning and convolutional block attention module[J]. Applied Soft Computing, 2025, 172: 112896.

[68] shkoxf, WHEERr. T 2 R R I BT E I 25 (152 S35 5 R A (3] Rl Rl 2,



2023, 51(16): 154-161.

ZHANG H M, XIE Z Q. An apple leaf disease identification method based on multi-scale attention
convolution neural network][J]. Jiangsu Agricultural Sciences, 2023, 51(16): 154-161.

[59] 5K, ARSI, XIMEME, 5. T I B XU SRR Al A B AR 35 R SE D). TETR AL R,
2023, 51(15): 164-173.

ZHANG J, SHAO W W, LIU X M, et al. Crop disease identification based on bimodal feature fusion and
HGNNTJJ]. Jiangsu Agricultural Sciences, 2023, 51(15): 164-173.

[60] FENG S, ZHAO D X, GUAN Q, et al. A deep convolutional neural network-based wavelength selection
method for spectral characteristics of rice blast disease[J]. Computers and Electronics in Agriculture, 2022,
199: 107199.

[61] CHENG H B, LI H M. Identification of apple leaf disease via novel attention mechanism based
convolutional neural network[J]. Frontiers in Plant Science, 2023, 14: 1274231.



