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A Method for Rice Disease Recognition Based on Image-Text Model and

Contrastive Learning

YANG Jucheng, SHEN Jie, LIU Jianzheng, WU Chao
(College of Artificial Intelligence, Tianjin University of Science and Technology, Tianjin 300457, China)

Abstract: Aiming to address the issues of low recognition accuracy and over-reliance on labeled data in traditional rice
disease recognition methods based on single rice images, this paper proposes a rice disease recognition method based on
image-text models and contrastive learning. The information from the text modality can complement the information from
the image modality, which can to some extent address the issue of insufficient image training samples. Contrastive learning,
which employs an unsupervised learning approach, can improve the current problem of over-reliance on labeled data in the
training of deep learning models for rice leaf disease recognition.Firstly, a rice image-text pair dataset was constructed using
the text generation from image technology of large models, GPT-3.5.Then, based on the image-text model a rice disease
recognition model was proposedwith particular optimization of the text encoder module to reduce training time. Additionally,
a rice disease recognition method based on contrastive learning was introduced, implementing a hard negative sampling
strategy within the image encoder of the image-text model. These optimizations enable the model to effectively learn feature
representations of various categories and enhance its robustness. Experimental results demonstrate that the proposed model
achieves higher recognition accuracy in rice disease tasks compared to other models.
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By B I M A A 1

ZARASRA HOAR 3 B RHE L& AR il
PR 7. FFfERL A (Feature Fusion) 2% B4
AEFN AR AERHE Z AT S S, T2 BOHT RHIE
TR o WO REAE AL A 7 B HE PE LA
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Rl A (decision fusion) f&7E5 IS5 )2 H HEAT
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Fig.1 Schematic diagram of the proposed method
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JEM 48 S5, TR 225 SIS NIE SE B Cidentity
mapping) A5 ZEEL (residual block) , [ 4% A A
SV NS A )k, A R TR E
[IRFAIEAS )& - Transformer [ H v & /7 (self-attention)
BUHI], FERBTY AL E T 5 A TC R N B S R AR T
AR A EE G R, W IRICK FE K OC R,
T FLAEAN ] R AT 55 HH 1) R T AR AR 47 b IE B T 1% 28

FFEABRAT 5 IR 2 15 SORV )32 45 46 J7 T A 501k

AT ResNet101 &1 15 4 i 2 A1 &
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22 HEKEE

FEREADI 5 A0, 55 5 7T BE S L L ARTBL
REARRIN, N T IR LA ) T AIRL I PR RPAE
FERHE SR PO SRR SO fliE, ISR
e URIHE R B o A B P AT 3 SO A AR, SR
KA TR SRR GPT-3.5 A= ik UG B SCAR %5
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HA TN

p(y) = Zp(yt | Yer, X, C) ¢y
t=1

Hode NSO, y NERSIAR, p(y) NAE By
MER, y NEREE DA IR,y N t P EAE
FIR P, 1 NAERCCARKEE, ¢ AEEGISCA
JEPE CEE. B K. Amass) .
AR K FEHE £ Rice Leaf Diseases. i% ¥4/
AT KRERE I« REJEW . 4N PEM RS . 48 B
FEH KRG Frix 5 Fh2d)l, L 3874 sk R Fr
BIG . KRBHE S8 GPT-3.5 NRREURAE
FSAH N SC IR, BAREG-SCAR LR 1.

* 1 Elg-3 AR

Tab .1 Image-Text example

e S

SUARAHA

TEALIA B BEAE T | ERBUN K 2598, UGN (el
LB, LR EE .

BT A9 B S5 A BN RN AR B i, AR5 K N G
AT IEN R

FRBE L AR B A, LGN B .

TR
(rice blast)

TR AR By i b Y B /N B A, IR MR T

GAY,

VLSl

B 5 3 e T BRI A (L R 22 TR B

S o BRI, UG, B E T
TOURKIESR.
TEEBORIY, RBEN S HIL A =M AL AR -

(rice sheath blight)

SR PR HTIE I b B N K BOIRRRERBE, 18
Wy R AR R B A TR 48 T

TPAPEEARIE AL 1-2 2K, JAEARERE, i
Zy WL o

LB R A KON ST A T, /K BEIR, o
TR SURIE A 28 28

1 A A A
(bacterial blight leaf)
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Transformer 1574 1 F #. 4™ feed-forward module (FFN),
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Embedding |

Encoder
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Fig. 2 Text Encoder
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T}
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AR ATy
exp G Z§=1 cos(x, T]l) /T)
ptavgi = M 1qj (6)
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Nt — PR e A, KR T B YT A T
S8 NI IR ARG logits ZEAT ISk, [F]
I ORFFE TS I SRR S o AR B 2

Nirain M
L,=- N:ain nz; lzl Yn,i lOg Pnw,i (7)
it AARIMmNAE, HE 3 MES, ¥BE
KR . B4 logits /2 :
Pi = O Py, + B Dri TV Dey,i (8)
Hor: pi FR8E § AR AT . a. B ATy
RPN MR ENES . £ M A, m#
MR A o v R 2R A DNy e 28 R T

3 Xy

SEUGAd F %444 Python3.8 1 PyTorch1.12.2
TR SIHESE 384T WAFN 32 GB, #45%k AMD Ryzen
7 3800X 8-Core Processor 3.90 GHz Ab¥Eg%, Al
NVIDIA GeForce GTX1060, #:/f &4t A Windows 10,
CUDA 11.7.102.

3.1 BiRE

i 2 MRS, R A L EPESE Plant

Wild2OF [ #1) 5 #E4E Rice Leaf Diseases.

ARA#EXEZ R

Plant Wild s 52 /2 — AN KHUSE ) B A= M09
FIEHEE, Wi T 89 25, R 33 MEFEHEY
M 56 M ESE, IL 18542 KEIMG . FETAERTHIH
Yoy 25 A SE PRI A AR RS, Wei 220
it M Google Imagesl. Ecosia2 F175 & E& R4 &1
BEATHAR IR, BUREE R 2 IR AHE 589 KA
B, w44 KA.

ASCHEH K R B 42 Rice Leaf Diseases 14
IKFGHE R FRBIEE « 4H TR PRSI . 4B B AN IE
KR X 5 2R AI3E 3874 dkoKFEM G, i
PR HBEE SR GPT-3.5 Jyi 5 EMG AL AT B ST
TR, EREUESCARXS, mAHRIR 7:2:1 W5
JRUGEIE NI EE . BAEEFMRSE, HA%E
W 2.

R2 BREHEARE
Tab.2 Dataset sample

i 25 WREElk  BOUFSEmK MRk
IKFEH B I 175 50 25
FEIR I 103 30 15
20 A A A 9 1123 321 160
¥ B I 1134 324 162

3.2 N IERR

AW I AERF R (accuracy, FH A RR) K5
K (precision, [ P #/x) .« AFEZE (recall, f R
Fon) M FEIX 4 ADNTT AT Z A TLER, 4%
Mt (1) —30 (@) TH5&. R R 1 a0 55 IR
PIFEAR R G S AR E R LLs], 25 BB VEAY
Fabro FERAZR A0 T 58— T R ) IR B R AR %L
&= 5 BT R R R A S B g . A R
T I B F U IR A R A BB 0 AR AR
B bl Fo (B2 RS 26 A0 4 0] 2 0 A~ 2 4E
PREL T B (AR fee 11221

A=(NTP+NTN)/(NTP+NTN+NFP+NFN) (9
P=NTP/(NTP+NFP) (10)
A=NTP/(NTP+NFN) (1D

F.=2x(P-R)/(P+R) (12)

AU Nop JRBEARLRE IEREAS IR A TNy IE 9] AR RE A5
B, N JUBERLRELA7ORE A TR FI000 A 47451 RO A B
Nep J9 A58 RURE GURE A B 1R TN 9 149 AR A B i
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Nen ALK TERE AR 15 T A 1451 (R e AR
3.3 LWEER T

AW A PyTorch HEZ2HJ7% ResNetl0l 5
Transformer F{§ SCASKT b2 IR, 78 PlantWild %X
P BUlZR 2 SR RTINS, SRIE4E H R
KAER EHIEFE RiceLeafDiseases AT IZE:,
5 DR H 0] B ST R AT X b, g5 Rk 3.
A TRHARAREB AT L 7 S ARS8 BT Tt A [m] 2l
BRI IEZ (positive class) FEASRE
BPAS AR TR R i) R B TR AR AS o5 BT A S Bm IERE AR I B
il A B AR AR T AR Y, i R B A AR A
FEE (1A R

% 3 PRIXLLF S A K FEHIRSE AR 3T

Tab3. Comparison of results of comparative learning

methods
Y MR HAER%  HAREZE%  F/%
MoCo-v2i23 91.47 92.25 90.25  90.49
BYOLTMS 93.02 93.54 9207  91.39
DeepCluster®!  90.70 90.28 91.03  94.80
el 97.74 97.38 97.84 97.86

AR SO AE B X KRR 5 00T 55 10 2 e
&b, XWRFKRERE KRB HER R R IR 4,
HIZ% 4wl AT T 20 PR R f R
f, 1K F] 99.62%, A 3 S HER A R S
D1 AT e A2 T 46 Kt 2 /s BLR KRS I 75 L AS () 34 e
T3 2 DA AURE IR A 53 (X 73, BE B K R 5 1 5 A
TRAE R R SR TR AT RE P AR R, (HAT RS
B XAUXAGR AT 5 R B mgUk,
JRERBET IR A ®, AT, B 3 JUKTEEE
s ARG AR, B AR ORI -

3 IKFSERIR Rt R E
Fig.3Rice sheath blight
3.4 HRASCE
AR SCH 3 TR B A T B KRG 0 2 A
R 3 B RS FOSCARBS Py, AT
E RS A SO S A 72 AR PR e S T 1Y
TERT, Wit 3 dlidmhsese, S5 R WK 5.
=5 HEASLIRLER
Tab. 5 Ablation Experiment Results

g ok %R RER dRE FLE
A S 1% 1% 1% 1%
v x 92.37 91.38 92.06 91.63
x \ 85.88 86.52 85.31 82.79
\ d 97.74 97.38 97.84 97.86

R4 BLHKEREERE
Tab.4 Accuracy of various rice diseases
) HER 1%
TR 8 JE5 98.12
TR I 97.37
R 1 A T 99.62
MRS 96.51

FHECSCARRES, BURBSHE T 1E B A B
FoadEiteae. A, sl kI g R B B SR A
RIS 2], Z A AT LI 97.38% 1A 1 % . 97.84%
)73 [5] 22 1 97.86% 1) F1 1

4 7518

AR SR R T I SO R RIS B2 2T R /K R
RN I, SR B SO R A o — PR (R AR 7 5] 3
H2EEL, SR TR %
BRI 0 b S AR, SR E B 2205k, %
fift 1AL 506 R 28 i 2 MR A e R AR A IF) s S
ZERAEW] T ARSI . fERRTAEF, H
SR 2 M A Mg it Uy S AR 2 [ 1 SR 5
SRS S UE R, B IR TR K
T AR SS IR RE T, I SE iz fuRe /1, &
THA T HAES

S E k-

[1]1 A ELVE AR MRS . 2024 -4 E A AR K
RERAEH TR, T E R T T,2024,44(1):37-40.

[2] YOUNG T, HAZARIKA D, PORIA S, et al. Recent trends
in deep learning based natural language processing[J].
IEEE Computational
2018,13(3):55-75.

[3] OTTER D W, MEDINA J R, KALITA J K. A survey of

the usages of deep learning for natural language

intelligence magazine,

processing[J]. IEEE Transactions on neural networks and



.8.

(4]

(5]

(6]

[7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

learning systems, 2021,32(2):604-624.

LI H. Deep learning for natural language processing:
advantages and challenges[J]. National science review,
2018,5(1):24-26.

SLADOJEVIC S, ARSENOVIC M, ANDRLA A, et al.
Deep neural networks based recognition of plant diseases
by leaf image classification[J]. Computational intelligence
and neuroscience, 2016(1):3289801.

ZHOU Y F, LIU D Y, ZHOU Y P. Detection of crop
disease leaf based on multi-modal feature alignment[J].
Journal of Chinese agricultural mechanization, 2024,
45(7):180

KAWASAKI Y, UGA H, KAGIWADA S, et al. Basic
study of automated diagnosis of viral plant diseases using
networks[C]//ISVC.Advances in
Visual Computing: 11th International Symposium. Berlin:
Springer International Publishing, 2015:638-645.

MR, ECE, BFF, & ET SUEERME M
Z A RS R 0] Rk DR Ak, 2017,
33(19):1-10.

LUY, YIS, ZENG N, et al. Identification of rice diseases
using
Neurocomputing, 2017, 267:378-384.

ZHOU J, LI J, WANG C, et al. Crop disease identification

and interpretation method based on multimodal deep

convolutional neural

deep  convolutional  neural  networks[J].

learning[J]. Computers and electronics in agriculture, 2021,
189:106408.

F—W, XUZREE, B TP, 2T 2RI SRR
TAE AR, T ER AL AR, 2024, 45(7):180-187.
HE X, PENG Y. Fine-grained image classification via
combining vision and language[C]//IEEE. Proceedings of
the IEEE Conference on Computer Vision and Pattern
Recognition. New York: |IEEE, 2017:5994-6002.
CHEN T, KORNBLITH S, NOROUZI M, et al. A simple
framework  for visual

contrastive  learning  of

representations[C]//PMLR.International Conference on
Machine Learning.New York: PMLR, 2020:1597-1607.

HE K, FAN H, WU Y, et al. Momentum contrast for

unsupervised visual representation
learning[C]//IEEE.Proceedings  of  the IEEE/CVF
Conference on  Computer Vision and Pattern

Recognition.New York: IEEE, 2020: 9729-9738.
CHUANG C Y, ROBINSON J, LIN Y C, et al. Debiased

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

ARHELLEE R

contrastive learning[J]. Advances in neural information
processing systems, 2020, 33:8765-8775.

KALANTIDIS Y, SARIYILDIZ M B, PION N, et al. Hard
negative mixing for contrastive learning[J]. Advances in
2020,

neural  information
33:21798-21809.
ZHANG H, CISSE M, DAUPHIN Y, et al. MIXUP:
management[C]//ICLR.6th
International Conference on Learning Representations
(ICLR).New Orleans: ICLR, 2018:1-13.

JIN S Y, ROYCHOWDHURY A, JIANG H, et al.

Unsupervised hard example mining from videos for

processing  systems,

beyond  empirical  risk

improved object detection[C]//IEEE.Proceedings of the
European Conference on Computer Vision (ECCV). New
York: IEEE, 2018:307-324.

LASKIN M, SRINIVAS A, ABBEEL P. CURL:
Contrastive unsupervised representations for reinforcement
learning[C]//PMLR.International Conference on Machine
Learning. New York: PMLR, 2020:5639-5650.

WEI T, CHEN Z, HUANG Z, et al. Benchmarking
in-the-wild multimodal disease recognition and a versatile
baseline[C]//ACM. the 32nd ACM
International Multimedia.
Kerrville:2024:1593-1601.

HUGHES D P, SALATHE M. PlantVillagedataset: a
large-scale image dataset for plant disease detection[J].
arXiv preprint arXiv:2015.00001, 2015.

FIALLOS JJ F, BOSQUEZ G L M, BARCENES V A B,

et al. Deep neural networks based recognition of paddy

Proceedings of

Conference on

crop diseases by image classification[J]. Annals of forest
research, 2023, 66(1):3857-3867.

CHEN X, FAN H, GIRSHICK R,et al. Improved base
lines with momentum contrastive learning[EB/OL]. [20
24-12-01].https://doi.org/10.48550/arXiv.2003.04297.
GRILL J B, STRUB F, ALTCHEF, et al. Bootstrap your
own latent-a new approach to self-supervised learning[J].
Advances in neural information processing systems, 2020,
33:21271-21284.

CARON M, BOJANOWSKI P, JOULIN A, et al. Deep
clustering  for
features[C]//ECCV.Proceedings  of  the
conference oncomputer vision (ECCV). Berlin: Springer,
2018: 132-149.

unsupervised learning of  visual

European



