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Abstract; Currently , the demand for more scalable , accurate,, and automated document classification is increasing due to
the sharp increase in the management and organization of technical literature. To solve the problem of effective data
analysis from massive scientific literature data,a multi-modal literature analysis engine is proposed, which combines the
YOLOV7 image classification model and natural language processing model. This architecture utilizes three types of
information , including natural language text in the document, descriptive images, and the relationship between them. By
integrating and training deep learning networks of different modals, the multi-modal approach achieves better
classification accuracy than the unimodal method. The proposed method is applied to a Chinese scientific literature
dataset,and the model is trained to classify documents based on the Chinese Library Classification system. The results
show that the proposed method has higher classification accuracy than unimodal methods,which helps promote data and
knowledge management for enterprises, institutions, and research organizations.
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Fig.1 Examples of composite image segmentation
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Fig.2 Text feature extraction network
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Fig. 3 The YOLOV7 architecture
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Fig. 6 Confusion matrix results



U AF T NLP AR SR 4 o SORE-R SRR 2570 607 1%

3 &

ASCHR T RS LSRR AN SCARRIE B 2R SR SCHR A3 2071 3R G 5 2 SUR RN EMBRRE , T3 T
SCHR ARG SR RAE AT B 20025, SR 25 S 3R I | T8 22 A 385 STk 4328 7 1R RS 3 ME A Ml B 301 5 il
L SCHR A 4328 PR RE DD T HA I IR B 22 S W ARSI 238 00 20 vk (BT 5 A AV Z2 e b 1)
25 [0) 58, A S AT T S H B SCHR A2, Gl SCERMERR 3 28 B e BT A~ = Rah gk
H 57 B BB R AR 25, HVR 2R TR BE 27 S BR800 e, Ml A B I 275 B R
TR, AR E S R R A U T ORI 2 ARS AR B R R SR S DI X 0 AR 7R Al
HE— 2L el

[ &% 3Lk ]

(1] W2, o Bor A iy i BRI S5 RE 12 ma LR A58 [ 1] 3516 4 T4 ,2022,66(23) :41-50.

[2] RAHMAN M H,AHMAD A,ZAKARIA S. A literature review on digital content management: trends and future challenges
[J]. Digital library perspectives,2023,39(1) :97-110.

(3] S707 2Rl XGRS, 25, 712 T P 4 ARV 22 I 24 A TR B SCR SRZEAR R [ T ], g st R 24k ( A SRR R L 2024,
47(1) :82-90.

[4] GOYAL A,PREM PRAKASH V. Statistical and deep learning approaches for literary genre classification[ C]//Advances in
Data and Information Sciences; Proceedings of ICDIS 2021. Singapore ; Springer Singapore ,2022:297-305.

[5] FEMA,BRHT, AR AL, 55, BT B BUGERZ R 28 0t i RN AR U [T ] BTS2 (TR ,2023,57(5) 948
956.

[6] IMAM N H, VASSILAKIS V G,KOLOVOS D. OCR post-correction for detecting adversarial text images [ J]. Journal of
information security and applications,2022,66(1) :1-15.

(7] & ORBE, BRERE, 55. SORYRRE  Bia g BBV RN [ T] . rhoCfis 271, 2022,36(6) : 1-19.

[8] MINAEE S,KALCHBRENNER N, CAMBRIA E,et al. Deep learning-based text classification:a comprehensive review[ J].
ACM computing surveys( CSUR) ,2021,54(3) : 1-40.

[9] UMER M,IMTIAZ Z ,AHMAD M et al. Impact of convolutional neural network and FastText embedding on text classification
[J]. Multimedia tools and applications,2023,82(4) :5569—-5585.

[10] 5KEE, HIE. Bl A rb s B Rl AR 0 RS BURLSCAR 0 207 IR [T ] THRLRES2,2022,49(2) :279-284.

[11] KAMATERI E, MICHAIL S, KONSTANTINOS D. An ensemble framework for patent classification [ J]. World patent
information,2023,75(12) :102233-102243.

[12] SHALABY M,STUTZKI J,SCHUBERT M,et al. A LSTM approach to patent classification based on fixed hierarchy vectors
[ C]//Proceedings of the 2018 SIAM International Conference on Data Mining. San Diego:SIAM,2018:495-503.

[13] HAGHIGHIAN ROUDSARI A,AFSHAR J,LEE W et al. PatentNet; multi-label classification of patent documents using deep
learning-based language understanding[ J]. Scientometrics,2022,127( 1) :207-231.

[14] AUDEBERT N,HEROLD C,SLIMANI K, et al. Multimodal deep networks for text and image-based document classification
[ C]//Machine Learning and Knowledge Discovery in Databases ; International Workshops of ECML PKDD 2019. Wiirzburg
Springer,2020:427-443.

[15] S, Wk, fle MR B S BRSO 2R TE [T ] . FHEHL TR 5 0, 2023,59(2) :102-109.

[16] QIU M,ZHANG Y,MA T,et al. Convolutional-neural-network-based multilabel text classification for automatic discrimination
of legal documents[ J]. Sensors and materials,2020,32(8) :2659-2672.

[17] TSUTSUI S,CRANDALL D J. A data driven approach for compound figure separation using convolutional neural networks
[ C]//2017 14th TAPR International Conference on Document Analysis and Recognition(ICDAR). Piscataway: IEEE,2018 .
533-540.

[18] BAI H Y, HUANG Z L,HAO A,et al. Gated character-aware convolutional neural network for effective automated essay
scoring[ C]//IEEE/WIC/ACM International Conference on Web Intelligence and Intelligent Agent Technology. New York :
Association for Computing Machinery,2021:351-359.

[19] WANG C Y,BOCHKOVSKIY A,LIAO H Y M. YOLOv7; Trainable bag-of-freebies sets new state-of-the-art for real-time



PSR 4R (AR R 55 48 £45 3 11(2025 4F)

object detectors[ C]//Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. Vancouver:
IEEE, 2023 .7464-7475.

[20] HOU Q,ZHOU D, FENG J. Coordinate attention for efficient mobile network design[ C ]//Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition 2021. Piscataway : IEEE,2021.:13713-13722.

[21] ZHANG J,ZONG C. Neural machine translation; challenges, progress and future[ J]. Science China technological sciences,
2020,63(10) :2028-2050.

[22] YAOH S,ZHU D L, JIANG B, et al. Negative log likelihood ratio loss for deep neural network classification [ C]//
Proceedings of the Future Technologies Conference( FTC)2019. Berlin: Springer,2020:276-282.

[23] RAFI M,ABID F. Learning local and global features for optimized multi-label text classification [ C]//2022 International
ARAB Conference on Information Technology (ACIT). Piscataway:IEEE,2022.1-9.

[ RAE4REE . FhIAHT



