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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: To address the issues of low recognition accuracy and over-reliance on labeled data in traditional rice disease
recognition methods based solely on rice images, this article proposes a rice disease recognition method based on an image-
text model and contrastive learning. The text modality complements image information, partially mitigating the problem of
insufficient image training samples. Contrastive learning, an unsupervised learning approach, improves the current problem
of over-reliance on labeled data in training deep learning models for rice leaf disease recognition. Firstly, a rice image-text
pair dataset is constructed using the text generation from image technology of large models, GPT-3.5. Then, within the
image-text model for rice disease recognition, the text encoder module is optimized to reduce training time. Additionally, a
rice disease recognition method based on contrastive learning employs a hard negative sampling strategy within the image
encoder of the image-text model. This allows it to effectively learn feature representations of various categories, thereby
enhancing model robustness. Experimental results demonstrate that the proposed model outperforms other models in recogni-
tion accuracy for rice disease tasks.
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Fig.1 Schematic diagram of proposed method
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Tab.4 Accuracy of various rice diseases
ESil HER /%
KT v 98.12
FEIR 97.37
AR A 99.62
LR 96.51
B3 kFEEEmRMAE
Fig. 3 Rice sheath blight leaf image
3.4 IHELSKIG

R SCHRE H 825 08 B2 T BR KRR I 3 A
PRI 2 AU B S AN SRS PR 23, 9 T ik
FURBAS NSO SRR TR BE S TR A9V, it
3 MRS, ZPRILER 5.

x5 EHRIBER
Tab.5 Results of ablation experiment
BUGHEA:  SORKES MERR% SR %  BERY%  F/%
S x 92.37 91.38 9206  91.72
x N 85.88 86.52 8531 8591
v V 97.74 97.38 97.84  97.61

ESCARBESARLL, GBS G AT
P 2SI RE o o A A D 235 R Pl ] S i TR A 7Y
53, JZ AR AT DLSEIE 97.38% FUAG K | 97.84% 1Y
A BEF 97.61% 1 Fi .

4 % BE

AR SCHR HR LT PRI SO N L 27 T B K R 3
PUIIT I, AR B — PRGBS 7 > B B 21 A
S P TR AR VR R 3 e X L
] AR, SRINTCME = I U5k, B TSN
253 S MRS FE o 2 TR 29 45 SRAE W] T A3
JTR AT Rk o FEARSKR TAR AR g il i 2 RS
Fay3at 75 NS B AR ] SR 5%, AZ A A AT
SUAF L, 25 R TSR X K R AT 55 1 T3 e
71, IR Stz ALBE T, LASE FH T HAB T 3T 55

FUBBLEEB B4 % B3

SE 3k

(1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

SR AN MRS L. 2024 AEERIEY ER
g OB R A R B (0], b E AR S, 2024,
44(1) : 37-40.

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

OTTER D W,MEDINA J R,KALITA J K. A survey of
the usages of deep learning for natural language process-
ing[J]. IEEE Transactions on neural networks and learn-
ing 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 intelli-
gence 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
convolutional neural networks[CJ]/ISVC. Advances in
Visual Computing : 11th International Symposium.
Berlin : Springer International Publishing, 2015 : 638-
645.

MR, RCH, B, 45 BT SRR & M 45 1)
Z R Yy b U (I, Al TR A4, 2017,
33(19) : 1-10.

LU Y,YI S J,ZENG N Y,et al. Identification of rice
diseases using deep convolutional neural networks[J].
Neurocomputing,2017,267:378-384.

ZHOU J,L1J X, WANG C S, et al. Crop disease identi-
fication and interpretation method based on multimodal
deep learning [J]. Computers and electronics in agricul-
ture, 2021, 189: 106408.

JEA— WL, XUARTE, 5208 T 2R RHEXS FF EY)
o AR L)L AR LA A4, 2024, 45(7) -
180-187.

HE X T,PENG Y X. Fine-grained image classification
via combining vision and language[C]//IEEE. Proceed-

ings of the IEEE Conference on Computer Vision and



2026 4E 6 H

MBI, S5 BT IR SCREIRIGT Hey ) K Ren U s

<17

[13]

[14]

[15]

[16]

[17]

[18]

[19]

Pattern Recognition. New York: IEEE, 2017 : 5994-6002.
CHEN T, KORNBLITH S, NOROUZI M, et al. A simple
framework for contrastive learning of visual representa-
tions[C]//PMLR. International Conference on Machine
Learning. New York: PMLR,2020: 1597-1607.

HE K N,FAN H Q, WU Y X, 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
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]. Ad-
vances in neural information processing systems, 2020,
33:21798-21809.

ZHANG H Y, CISSE M, DAUPHIN Y, et al. MIXUP:
beyond empirical risk management[C]//ICLR. 6th Inter-
national Conference on Learning Representations
(ICLR). New Orleans: ICLR,2018: 1-13.

JIN S Y,ROYCHOWDHURY A,JIANG H Z,et al.
Unsupervised hard example mining from videos for im-
proved 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 reinforce-

[20]

[21]

[22]

[23]

[24]

[25]

ment learning[C]//PMLR. International Conference on
Machine Learning. New York: PMLR, 2020: 5639-5650.
WEI T Q,CHEN Z,HUANG Z, et al. Benchmarking in
the wild multimodal disease recognition and a versatile
baseline [C]//ACM. Proceedings of the 32nd ACM Inter-
national Conference on Multimedia. Kerrville: ACM,
2024:1593-1601.
HUGHES D P, SALATHE M. An open access repository
of images on plant health to enable the development of
mobile disease diagnostics[EB/OL]. [2024-12-01].
http://doi.org/10.48550/arXiv.1511.08060.
FIALLOS J J F,BOSQUEZ G L M,BARCENES V A
B, et al. Deep neural networks based recognition of
paddy crop diseases by image classification[J]. Annals of
forest research, 2023, 66 (1) : 3857-3867.
CHEN X L,FAN H Q,GIRSHICK R, et al. Improved
baselines with momentum contrastive learning[EB/OL].
[2024-12-01]. https://doi.org/10.48550/arXiv.2003.042
97.
GRILL J B, STRUB F, ALTCHE F, et al. Bootstrap your
own latent: a new approach to self-supervised learn-
ing[J]. Advances in neural information processing sys-
tems, 2020,33:21271-21284.
CARON M, BOJANOWSKI P,JOULIN A, et al. Deep
clustering for unsupervised learning of visual features
[C]//Proceedings of the European Conference on Com-
puter Vision (ECCV). Berlin: Springer, 2018: 132-149.
RERE: A



