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Research on Image-Text Retrieval Method for Tomato Leaf Diseases
and Pests with Class Imbalance Based on Contrastive Learning
ZHU Hao-ran, LU Xu, ZHANG Liang

College of Information Science and Engineering/Shandong Agricultural University, Tai'an 271018,China

Abstract: As an important cash crop, effective pest and disease control in tomatoes plays a crucial role in ensuring
agricultural production efficiency. Images of tomato leaf pests and diseases can visually display the morphological
characteristics and distribution patterns of the conditions, but they have drawbacks such as the loss of detail due to limited
resolution, occlusion, and other factors. In contrast, text can provide detailed descriptions of disease symptoms, etiological
analysis, and prevention strategies, thereby compensating for the deficiencies of images. However, a semantic gap exists
between images and text, which makes it difficult to accurately retrieve corresponding text descriptions from images and
vice versa. In addition, real-world tomato leaf disease and pest data often exhibit class imbalance, which causes models to
overfit to dominant classes and underfit to rare classes. To address the above issues, this study proposes a contrastive
learning-based image-text cross-modal retrieval method for tomato leaf disease and pest, and constructs the first Chinese
tomato disease and pest image-text dataset. The dataset simulates the class imbalance observed in practical production (e.g.,
the number of samples in the largest class is nearly 9 times that in the smallest class), ensuring the research better reflects
real-world challenges. To achieve accurate alignment between image and text modalities, this study designs a triplet-based
contrastive learning method, which introduces hyperbolic space to model hierarchical semantic relationships, thereby pulling
features of the same class closer while pushing features of different classes apart. Additionally, this study proposes an
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adaptive classification loss function to dynamically adjust the model's attention to different classes, effectively mitigating the
impact of class imbalance on retrieval performance. Furthermore, to extract local lesion features, this study designs a
parameter-freezing transfer learning module based on pre-trained encoders. The module extracts fine-grained semantic
features by freezing the encoder parameters, thereby avoiding additional training costs associated with training from scratch.
In the experiment, this study compares the proposed method with advanced retrieval methods ( CCA, DSCMR, SCH,
DDBH, and DScPH). The proposed method achieves improvements of 28.68%, 9.58%, 3.38%, 1.76%, and 1.03% in the
image-to-text retrieval tasks, and 35.71%, 6.19%, 0.94%, 1.05%, and 0.54% in the text-to-image retrieval tasks, respectively.
In addition, to verify the effectiveness of the proposed method in selecting image encoder architectures, this study conducts
comparisons using different image feature encoders (VGG16, MobileNet V2, and CLIP-ViT-B/32), with the average

performance improvements of 12.965%, 1.45%, and 1.005%, respectively.

Keywords: Tomato disease and pest identification; image-text retrieval; deep learning; contrastive learning
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Fig. 1 Workflow of cross-modal image-text retrieval for tomato diseases and pests

SR, 24 A A R R BRSO R R T
FETOT IR I A — A AR (1 Bt i, L
A RIBE AR A IESOOAR R N T B2
o B ) SR SO S B, I PR T A R
BIF S0 FH 1 K o (2) BB -SCA X 55 7 1T, B
AN PR S AR BRI 5 20 S5 R
SRR EAFAEAR KA, 3 B LU 55, HELA

TP RS A1 SCRIBREE B LA AEAEA A
AR BT R AR — R AE UE R - BHRFIE
SEHRTT I DA 2 TR L 2 ST O R AR g g
7] T B HU 4 SRy AL X DA R S 7 A
T SR WA o (4D FE SE B A7 o, 0 R
HRIANE DLH LA Pl i B, o T
1 BRI EAFE R AR ZE R, SEUR FIFPR



- 168 - AR A R 224 (H SRR A R

57 %

FEAR KR P E AN o AR SO B AR i AL T
XS AR = R IR A3 A I O 5 B 7 SE s ik
SEBRA = A Bk 1, B Ak b R B 2
A3 202 5K, F AL TR 373 5K, I K 5 i
AN RIREA LE 423 9 1. B B9 05 V2546 Itk il
R = AT R B i SR R T R R I 2R
R, 43 FEGH A3 2500 i 304, T At 2 5310 ) s A
520, W 5% M A 2K FE FI B B2 AL BE 7 5 2R
K P 3 50 g v, i e BT A i 7 50
AR BT RS, BN TR AR (B 2 DAF
PEFEAR Z MR 24

DR B I L, AR SR — PR T b
> BN AS I i 2 A vt o U - SCAR R R
J5iF. EETERI T : (D& H AT = oh R
Fitig B G OSC A B s S 1 v i, A SCp e
e o B 1 P SO A I e L R - SO AR
B8, oL T SEBRA: P v i HR AR AR 21
AN A7 1) R, 5 B AE 9 B U 3 A R Bk R
FAE J5 SRR B vH A RSO TRk ) 7, (2D X
BIG - SCARRAE ME LU 55 i) #, A SCRTE 1 —
BT = nH M L 2 5, 78 R AR 2R
TIE SURFAE , $37 30T [F) SRR AE BR 25, B3t S AR AR
PEES, SIS P FHASEES [B] B SO0 55 o (3D X
S AN S5 i 1) R A FH 2 AT 55 2 ST R it
3 73 A R BR B, B2 T BB R &2 1)
ST, X3 DA ST 2R 0 I T BE K A R, 2
e FL A o (4D B X6 JR) 305995 BRERFALE 2 A 2 1)
W), AR ST T — P T T 2Rt 5 1 S 4
R 51T F 2 S22 o R ) ResNet-501
PEIAZ Yot L 25 T CLIP SCAS Y R 2%, 445 245 4 B 45 1)
A, SIS AR AR AIE (1 PR B E, A A A o B
X IR A 22 57 AT SR T AR I SRR F HY
R EE B A JE I KR SE IR i Uy kit
AT YRAIE , 78 43 1IF B L AE 35 i s H 3 R - SO kG
ZHH .

1 BERRMES P X EMHFREE G- XA
WiRRME

1.1 HUEIREL
AT — A R A e R

B-SUARH SCHAREE . L, @I e B AR

M FEIRE BN , FEEAT N L0 AR IE & 5

RGIREERTE. ik SR, R AL
L 10 S50 ) 2 Ak - P T e B
FAARIEH A Bt BERG P 3 A 93 25 20 1
P B w90 A A P B B IR 5 I
T3~ P9 UL PH s L i R o Bt SR 3
B 16 000 5K B, HFTAT B A 2408 jpg #% 3UA#
7, R 1R T B 2 B4 12 44 PR A% 285
FEA%H

R1IBBEXHNER
Table 1 Dataset category information
KB St FEAR (IR -SCART)
Category number  Category name Nl.lmber of sam?les
(image-text pairs)
0 ARG 1771
1 i AEM T 373
2 MR VEPE R 2127
3 Eiidiilprstas 3202
4 HBER 1404
5 f b 1591
6 R 1000
7 M0 952
8 WO H- i 1671
9 WETE I 1909

W1 P, ASBUIE SR AR 1 SR AN 2 i i)
RO, DAIECSIE S R At LT A SE B 2R 7 P A
o0 35 B FE SN I S B A 7= R Pk . 491
B AR BRI A 3 202 X - SOR
FEAS T A i 35 7 AU 373 %, ek 5
NG Z TERE A B ZE L 9 A o XA A B
FEEHNE BRRAENR 27 B ECREERE
A B NI BRI 22 55 R G . AT
BUA T3 300 B 1A R = A R AR B, 2R A 2 ] B
IR ZREE X, 2 T BOHR 0 S i & T 3
AR DU 3 A7 3T, AT SR AL 29 R P AR 2
PRE 77 5 01 R R KA 38 5 U7 3k, T8 I e % L
B i S 5 3 OB R RE A, BN T REA S
B EA R LSRR A Z AR IR . ik,
AL T EE RN AR R A I L B A R B
RIS BB , 51 AR R S R AT SR R
T A R AR 2 ) A 1) 4 0ok A5 R A g 1) A )
A o
1.2 P EMHREEIG- X ABIEEDE

AHIE TS A N T8 e A2 S & S0 i 5



%14

WL 5« X L2 5 (SR AN 38 i vt P T PR - SO R R OT I 7T - 169 -

ASHRVE SRS 7 i BRI B A AR R T R RE
AN PERFAE Ui BT S LR AE S5 ) A 5%
(3 SCSCA A » 1B 2 Jor 138 73 0 1 B AN
MAFEARG . U E TR LS A, BoE 5

K G5 A7 XA - B 422800 2 RRAE A TE A
I A S e T B R (R AR B A% L SRR
& LA K2 T & 28 531l () one-hot #7525 17 fi# £E JSON 3¢
PR AR R 2 JSON SCHESREURE A B

S
— IR BT R — kA R — KA AR
EheE A, A Gl DAY ] Ak R, R
ok HR RELRA G S TR BUAS LA 8 B T fE O 2Rt
LT P TP B A # FT AL [ Lo REER, ORI
RS, HHLGE o, G . B AR LR BB .
PG, s

B2 BEimRERGS XA ATEE

Fig. 2 Example image-text pairs of tomato diseases and pests
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Table 2 Comparison results of mean average precision
(MAP) for different models
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Table 3 Comparison results of average precision means
of different image encoders

F57% Model i2t 21
VGGI16 0.807 1 0.8123
MobileNet V2 0.909 2 0.940 5
CLIP-ViT-B/32 0.917 8 0.940 8
OUR 0.928 4 0.9503
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Fig. 6 Confusion matrix of different image encoder classification results
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Table 4 Comparison results of average precision means
of different text encoders
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Fig. 7 Confusion matrix of different text encoder classification results
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Table 5 Ablation experiments
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Fig. 8 Comparison of retrieval accuracy across
categories for different image-text retrieval methods
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Fig. 9 Top-5 retrieved texts by image queries
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Fig. 10 Top-5 retrieved images by text queries
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