'i) Check for updates

Journal of KIIT. Vol. 23, No. 9, pp. 201-210, Sep. 30, 2025. pISSN 1598-8619, elSSN 2093-7571 201
http://dx.doi.org/10.14801/kiit.2025.23.9.201

Hewg wz-do] B3 s 7N 3% olnx B

S, 23

o
*
I
i
.
:

Pest Image Classification Via Multimodal Vision-Language
Representation Learning

Do-Hyun Kim*, Chang-Hwan Son**

£ 4T NBIE ARIEARFAD AUCE AT NLEFAEATA(FY) 0259 F2ET AY
SA3E 54 AR AYS ol 3 ATU(RS-2025-02312252)

2 o

lE oA EFe ST I B2} Aol FA] HEd £ ¢ R AREIF 87En 2 9
TAE 71E fURY 2do] 2t WAE 85 98, vWd-del 2l A S%d WEEd RS
d&ohs AZE 3% olnA 7 Ede ALt FAHCR, CLP 2ES &% ov]A HolHd &3}
of g8 Qlarie ofnlx AFEE AYY H, 7} AF FYzol P H2E AW ARE FE 7|2
ofm A £F Bl TR olE s, A T TR HSHoE YAE JHE AFAS, A4 5
B AgE ¢ =S HERY 5 §4 2REs AT 43 A3, AR e A4 54 78
Fell At AT eH, 71€ ONN, VIT 3 sfo|He|= 7]ute] tix ojvjA] £7F RHHG O <

Abstract

Pest image classification requires a high level of precision due to the strong similarity in texture and color among
different species. To address the limitations of existing unimodal models, this study proposes a novel pest image
classification model that leverages pretrained multimodal information from vision-language models. Specifically, the
CLIP model is applied to pest image data to align the text and image encoders, after which class-specific textual
prior information is extracted and integrated into conventional image classification models. To achieve this, we
designed a multimodal feature fusion module that reconstructs adaptive textual information based on the input pest
type and combines it with visual features. Experimental results demonstrate that the proposed module effectively
enhances the discriminative power of visual features and achieves superior recognition performance compared to
representative image classification models based on CNNs, ViTs, and hybrid architectures.
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Fig. 1. Pre-training procedure of the CLIP model for pest classification
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43 3% Oolo|xX| 2E FHE |

I O#TE} Hla o Etﬂcl
£ ONN A4, ViT A¥, 183 sfolHe= A
do &% DeiT[21], CrossViT[19], PVT[22],
MobileNetv3[23],  EfficientNet[24],  ResNet-50[3],
CoatNet[13]°] Z3HUc vu HAFE Yo, Y
ki EﬂOIEVi‘?Jr gk z7o] RE Bl HE59]
o} X 2004 E%ol A mde 80.23%0] 2=
M =2 AEEE IS5t 53], Edaan
d 29l CrossViT thH] ¢F 4.13%, CNN AlE
g9l MobileNetv3 thH] ¢F 9.23%, slo]HE = A
9l CoatNet tHH] oF 26.67% 4D A%S HHY
. ol HERY 7|9re MFFM EE°| 71&

Tgo| zh= AH9 AE Besta, AEd 3
A BF A 4% Aol ol &7A
23 Zch. MFFM 2802 <13 ResNet-50 T
WA A Azke] oF 04ms F7kske] A4t

N

o

d

EnBO{}l'L_QmRHjé

o Mo

7 ga AstE gy, ofdd Aol AARE
2 9%e vE A= okt W, &%
FEI e HY e,

MFFM®] F7h= B A SHdA S8 29
o}

¥ 2 9% olo|x| 2F &k v
Table 2. Comparison of classification accuracy for pest
images

Models Accuracy

DeiT[21] 77.59%

CrossViT[19] 76.10%

PVTI22] 76.24%

MobileNet(v3)[23] 71.00%

EfficientNet[24] 79.01%

ResNet-50(3] 79.60%

CoatNet[13] 53.56%

Proposed model 80.23%

V.2 E

B ATl 8% 2 mAE A Aolg &
JHoz PRSI A8, N2 Jue} grE AR
YuE AP & Y& WY 54 F 2EL
AEA AT WA, Hld-lo) mEQl CLIPS
3% olvAE tFoE ARH Fgale] o]m|A] <l
FH9 H2H JAITE - Uuld oA A
sy 1ga A SgE HrE dadE E
o sl FUxE "HAE EAS FE319 7|E
ResNet-50 229 Az EA3} A3 4+ 9= 2

A
Aoke HE|ED A7 B4 4 BEC] 7€ WHF
oA 7 B} T A EA Fsle] &
HA9S AFsATh 3 7]E ONN, ViT % 3}
Hele AdY g xdig ¢ $58 dF BF
2735 58 4 Qoo
B AFlA AMES HAE ZEIEE 3%

zgxe 8% wdol} A4Y Al
£ 349 ZErE 3% /NS 48 dAoln



[\\)
[an]
oo
e,
Auj
fd
g
=)
2
I
re
2
==
F.BE
_L?‘_i
)
@
10
:?1:
of
o
=
N
M
=i

References

[1] A. Radford, J. W. Kim, C. Hallacy, A. Ramesh,
G. Goh, S. Agarwal, G. Sastry, A. Askell, P.
Mishkin, J. Clark, G. Krueger, and 1. Sutskever,
"Leamning transferable visual models from natural
language  supervision”,  Proc.  International
Conference on Machine Learning, Vienna, Austria,
pp. 8748-8763, Jul. 2021. https://doi.org/10.48550/
arXiv.2103.00020.

[2] C. Jia, Y. Yang, Y. Xia, Y. Chen, Z. Parekh, H.
Pham, Q. Le, Y. Sung, Z. Li, and T. Duerig,
"Scaling

up visual and  vision-language

representation  learning  with  noisy  text
supervision", Proc. International Conference on
Machine  Learning, Virtual, Vol. 139, pp.

4904-4916, Jul. 2021. https:/doi.org/10.48550/arXiv.
2102.05918.

[3] K. He, X. Zhang, S. Ren, and J. Sun, "Deep
residual learning for image recognition”, Proc.
IEEE Conference on Computer Vision and Pattern
Recognition, Las Vegas, USA, pp. 770-778, Jun.
2016. https://doi.org/10.1109/CVPR.2016.90.

[4] J-H. Lee and C.-H. Son,

counting: Multiscale and deformable

"Trap-based pest

attention
CenterNet integrating internal LR and HR joint
feature learning", Remote Sensing, Vol. 15, No.
15, pp. 3810, Jul. 2023. https://doi.org/10.3390/
rs15153810.

[5] H-J. Yu, C-H. Son, and D. H. Lee, "Apple leaf

through

aware deep convolutional neural network", Journal

disease identification region-of-interest
of Imaging Science and Technology, Vol. 64, No.

2, pp.  20507-1-20507-10,  Jan. 2020.

https://doi.org/10.2352/j.imagingsci.technol.2020.64.2.
020507.

[6] C. Wang, J. Zhang, J. He, W. Luo, X. Yuan, and
L. QGu, network  with

complementary feature fusion for pest

"A  two-stream

image
classification", Engineering Application of Artificial
Intelligence, Vol. 124, pp. 106563, Sep. 2023.
https://doi.org/10.1016/j.engappai.2023.106563.

[7] T-Y. Lin, P. Dollar, R. Girshick, K. He, B.
Hariharan, and S. Belongie,
networks  for

"Feature pyramid
IEEE
Vision and Pattern
Recognition, Honolulu, HI, USA, pp. 2117-2125,
Jul. 2017. https://doi.org/10.1109/CVPR.2017.106.
[8] O. Ronneberger, P. Fischer, and T. Brox, "U-Net:

Convolutional

object detection", Proc.

Conference on Computer

networks for biomedical image
segmentation”, Proc. International Conference on
Medical Image Computing and Computer-Assisted
Intervention, Munich, Germany, pp. 234-241, Oct.
2015. https://doi.org/10.1007/978-3-319-24574-4 28.

[9] X. Li, W. Wang, X. Hu, and J. Yang, "Selective

IEEE Conference on
Computer Vision and Pattern Recognition, Long
Beach, CA, USA, pp. 510-519, Jun. 2019.
https://doi.org/10.1109/CVPR.2019.00060.

[10] J. Dai, H. Qi, Y. Xiong, Y. Li, G. Zhang, H.
Hu, and Y. Wei,

networks", Proc. IEEE International Conference on

kernel networks", Proc.

"Deformable  convolutional

Computer Vision, Venice, Italy, pp. 764-773, Oct.
2017. https://doi.org/10.1109/ICCV.2017.89.

[11] F. Yu and V. Koltun,
aggregation by dilated convolutions", arXiv, online,
Nov.  2015.  https://doi.org/10.48550/arXiv.1511.
07122.

[12] T. Lin, P. Goyal, R. Girshick, K. He, and P.

Dollar, "Focal loss for dense object detection",

"Multi-scale context

Proc. IEEE International Conference on Computer
Vision, Venice, Italy, pp. 2999-3007, Oct. 2017.
https://doi.org/10.1109/ICCV.2017.324.

[13] Z. Dai, H Liu, Q. V. Le, and M. Tan,



Journal of KIIT. Vol 23, No. 9, pp. 201-210, Sep. 30, 2025. pISSN 1598-8619, eISSN 2093-7571 209

"CoAtNet: marrying convolution and attention for
all data online, Jun. 2021.
https://doi.org/10.48550/arXiv.2106.04803.

[14] E. C. Tetila, B. B. Machado, G. K. Menezes, A.
D. S. Oliveira, M. Alvarez, W. P. Amorim, N. A.
de S. Belete, G. G. da Silva, and H. Pistori,

"Automatic recognition of soybean leaf diseases

sizes", arXiv,

using UAV images and deep convolutional neural
networks", IEEE Geoscience and Remote Sensing
Letters, Vol. 17, No. 5, pp. 903-907, May 2020.
https://doi.org/10.1109/LGRS.2019.2932385.

[15] G.-E. Kim, C.-H. Son, and S. Lee, "ROI-aware
multiscale cross-attention vision transformer for
pest image identification”, Computers and
Electronics in Agriculture, Vol. 237, pp. 110732,
Oct.  2025.  https://doi.org/10.1016/j.compag.2025.
110732.

[16] H.-J. Yu and C.-H. Son, "Leaf spot attention
network for apple leaf disease identification”, Proc.
IEEE Conference on Computer Vision and Pattern
Recognition Workshops, Seattle, WA, USA, pp.
229-237, Jun. 2020. https://doi.org/10.1109/CVPR
W50498.2020.00034.

[17] S. Woo, J. Park, J.-Y. Lee, and I. S. Kweon,
"CBAM: Convolutional block attention module",
Proc. European Conference on Computer Vision,
Munich, Germany, pp. 3-19, Sep. 20I18.
https://doi.org/10.1007/978-3-030-01234-2 1.

[18] H. Fan, B. Xiong, K. Mangalam, Y. Li, Z. Yan,
J. Malik, and C. Feichtenhofer, "Multiscale vision
transformers", Proc. IEEE International Conference
on Computer Vision, Montreal, QC, Canada, pp.
6804-6815, Oct. 2021. https://doi.org/10.1109/ICCV
48922.2021.00675.

[19] C. Chen, Q. Fan, and R. Panda, "CrossViT:
Cross-attention multi-scale vision transformer for
image classification", Proc. IEEE/CVF International
Conference on Computer Vision, Montreal,

Canada, pp. 357-366, Oct. 2021. https://doi.org/10.

1109/1ICCV48922.2021.00041.

[20] X. Wu, C. Zhan, Y.-K. Lai, M.-M. Cheng, and
J. Yang, "IP102: A large-scale benchmark dataset
for insect pest recognition", Proc. IEEE/CVF
Conference on Computer Vision and Pattern
Recognition, Long Beach, USA, pp. 8787-8796,
Jul. 2019. https://doi.org/10.1109/CVPR.2019.00899.

[21] H. Touvron, M. Cord, M. Douze, F. Massa, A.
Sablayrolles, and H. Jégou, "Training data-efficient
image transformers & distillation through attention”,
Proc.  International Machine
Learning, Virtual, Vol. 139, pp. 10347-10357, Jul.
2021. https://doi.org/10.48550/arXiv.2012.12877.

[22] W. Wang, E. Xie, X. Li, D.-P. Fan, K. Song, D.
Liang, T. Lu, P. Luo, and L. Shao, "Pyramid
Vision Transformer: A Versatile Backbone for

Conference  on

Dense Prediction Without Convolutions", Proc.
IEEE/CVF International Conference on Computer
Vision, Montreal, Canada, pp. 568-578, Oct. 2021.
https://doi.org/10.1109/ICCV48922.2021.00061.

[23] A. Howard, M. Sandler, G. Chu, L.-C. Chen, B.
Chen, M. Tan, W. Wang, Y. Zhu, R. Pang, V.
Vasudevan, Q. V. Le, and H. Adam, "Searching
for MobileNetV3", Proc. IEEE
Conference on Computer Vision, Seoul, Korea, pp.
1314-1324, Oct. 2019. https://doi.org/10.1109/ICCV.
2019.00140.

[24] M. Tan and Q. V. Le, "EfficientNet: Rethinking
model scaling for convolutional neural networks",

Conference on  Machine
Learning, Long Beach, CA, USA, pp. 6105-6114,
Jun. 2019. https://doi.org/10.48550/arXiv.1905.11946.

[25] D. HO Kim and C. H. Son, "Pest image
classification ~ with  text

International

Proc.  International

prompt-driven  prior
information", Proc. Korea Information Technology
Conference, Jeju, Korea, pp. 671-674, Jun. 2025.



Z £ & (Do-Hyun Kim)

20223 349 ~ dA] .
TP AZEY o3}
A

TAECF : AFE vld, FAA,
71AIEE, | 29

rk>
ozt

&t (Chang-Hwan Son)

2002 2€ : AE03w
A7) 533
2004 2€ : AEUg
A28 (3 A A

20084 84 : AEUFgw
788738

20171 49 ~ A

THTAN S AZE )T W
ARk AFE vlA, YA, 7AEE, | H9

1%
E

J

‘:




	멀티모달 비전-언어 표현 학습 기반의 해충 이미지 분류
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 관련 연구
	Ⅲ. 제안한 비전-언어 정렬 기반 해충 이미지 분류
	Ⅳ. 실험 및 결과
	Ⅴ. 결론
	References


