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from a variety of sources, including paper documents, photographs, and diverse contexts. One particularly noteworthy
application of these technologies is in the field of chemical structure image recognition, where portable devices such as
mobile phones and tablet PCs have become indispensable tools, playing a vital role in converting hand-drawn chemical
structure images into machine-readable formats. They translate these intricate structures into human-readable representa-
tions, simultaneously highlighting relevant physical properties, chemical characteristics, and elemental compositions.
These innovative models for chemical structure recognition serve as a bridge between hand-drawn representations and
machine-interpretable data. This capability has made it feasible to electronically document complex scenarios, such as
those encountered in classrooms and academic meetings. Notably, ongoing research has focused on developing encoder-
decoder-based methods for mathematical expression recognition, which have shown promising results. However, the piv-
otal role of the quality and quantity of training data in shaping the performance of deep neural networks needs to be acknowl-
edged. The current challenge lies in the absence of a comprehensive, high-quality dataset that is specifically tailored for
chemical structure image recognition. This data deficiency poses a significant hurdle, impacting the optimization, general-
ization, and robustness of the models. Furthermore, the computational demands of real-time offline recognition on mobile
devices remain a practical limitation. Method To address the aforementioned issues, we developed a chemical structure
recognition model based on an encoder-decoder architecture. This model is capable of generating corresponding character
representations, such as SMILES, from given chemical structure images. In the context of image-related tasks, the effec-
tiveness of the encoder in extracting features from images and the decoder’ s ability to decode feature sequences directly
impact the performance of the recognition task. The encoder is designed to efficiently model the input images, while the
decoder should be able to comprehensively extract various features from the images, obtain accurate feature distributions,
and encode them to establish feature maps. Therefore, we designed a feature extraction network based on ResNet-50 in the
encoder, which adequately captures the two-dimensional structural information of chemical structure images. Furthermore,
to enhance the effectiveness of information in feature maps, we introduced a row encoder based on bi-directional long-short
term memory (BLSTM) , reinforcing the spatial feature distribution weight through row encoding of feature maps. The
decoder should be capable of accurately decoding the sequence information from the encoder’ s output. To align input
sequence information with output characters and improve the model’ s memory and decoding capabilities for long
sequences, we incorporated a coverage-attention mechanism into the decoder. Ultimately, the model can generate corre-
sponding representations from input chemical structure images. Result For an objective evaluation of the performance of our
model in this study, we conducted training on the Image2Mol and ChemPix models using the CASIA-CSDB (Institute of
Automation, Chinese Academy of Sciences Chemical Structure Database) dataset. Subsequently, we performed perfor-
mance testing on a range of datasets, including Indigo, ChemDraw, Conference and Labs of the Evaluation Forum
(CLEF) , Japanese Patent Office (JPO) , University of Birmingham (UOB) , United States Patent and Trademark Office
(USPTO) , Stacker, American Chemistry Society(ACS) , CASIA-CSDB, and Mini CASIA-CSDB. Results demonstrated
that our model achieved higher recognition accuracy when trained on small datasets and exhibited robust generalization
capabilities. Furthermore, we compared our model with untrainable models such as SwimOCSR, MSE-DUDL, ChemGra-
pher, Image2Graph, and MolScribe. The comparison revealed that our model also exhibited commendable performance
when compared with models trained on millions of images. Conclusion A chemical structure recognition method is intro-
duced based on an encoder-decoder architecture. The method allows for the generation of SMILES strings from given chemi-
cal structure images. Experimental results demonstrate that the model achieves higher recognition accuracy when trained
on small datasets and exhibits strong generalization capabilities.

Key words: chemical structure recognition; encoder-decoder; attention mechanism; residual network; SMILES(simpli-
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Table 3 Comparison of recognition (EM) results of different models

1%

AU K dhe

PS— A AT B 1 R e FLSESCRY R L RIS 2 (9 Bl 4 S A
Indigo ChemDraw CLEF  JPO  UOB USPTO Staker ACS  C-C  Mini C-C
HFHN MolVec 95.4 87.9 828 678  80.6 884 08 474 97.3 93.5
L OSRA 95.0 87.3 846 553 785 874 00 553 96.9 93.7
Img2Mol (a) 58.9 46.4 183 164 687 263 170  23.0 - -
DECIMER (a) 69.6 86.1 627 552 882  41.1 408 465 - -
SwimOCSR (a) 74.0 79.6 30.0 138 449 279 - 27.5 - -
MSE-DUDL (a) - - - - - - 77.0 - - -
%;ggi ChemGrapher (a) - - - - 70.6 - - - - -
Image2Graph (a) - - 5.7 503 839 551 - - - -
MolScribe (a) 97.5 93.8 889 762 879 926 869 719 - -
Img2Mol (b) 20.3 18.6 0.2 00 301 112 6.2 52 55.6 52.1
ChemPix (b) 30.2 313 0.3 01 252 9.62  4.65 495  48.6 50.1
F'a FEE (e) 67.61 66.38 46.61 3723 6586 48.85 29.17 3522 521 51.1
R AR 71.10 70.21 4580 3030 53.02 5821 4339 4630 8442 8578

T =" RN IR AN AT 08 SORSOR R B © (a) 278 J5UHR 1E SCHR At A9 K s B 05 B8 I 25 5 (b) el i ]
CASIA-CSDB Bl S BRI 2R 5 (o) S FEAMEPUNAS yf LERE R PR URI 25 SR U (A3
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Fig. 7 Recognition results of different test
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PEfE & B . & 4 5] T ResNetl8, ResNet50,
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25 R IR 2 IR0 25 %) i BB BE Y S e . fl T
ResNet18 Fll ResNet34 DA } ResNet50 Fl ResNet101 4%
FEARARL EL S 9 45 SR TC B R 22 57, IR I 36 4 v R 37 i
ResNet34 1 ResNet101 F 45

S 2 SRR W TE A B 5 1) ResNet50.
DenseNet169 il DenseNet201 (114 RE M X 45 2L AH T,
H | DenseNet169 3% # ¢ 2% , Ml DenseNet201 4%
ResNet50 42 7HA7 FR H 45 250 I ZRmf a4 3t
S NAS R B, PRI , A SCHE 4 ResNet50 7 SRR AIE £
YR 28 S 35 BRI

R iE— 25 Uk B T ResNetS0 347 45 ¥4 £ 4k 1 75
HPE, K 5 IR T Stage3 Fil Staged Xf ResNet50 1P
RESZNA o T8 3 S TR, i BR Staged J5 EM FE i 42 5
T 0.64% Fl 1. 61%, CER{EL 7351 - T+ 1 0. 19% FI'F
K& 17 0.39%, BLEU-4 #5502 71 1 0. 06% F11 0. 89%;
2B Staged Fl Stage3 J& 7E C-C £ 4 I EM B & |
CER fEL M1 BLEU-4 15 %UHH £ 50 25 B Staged 3547 fik
INTF L AH A JE IR ResNet50 25454 — &2 $2 7, 78
Mini C-C ¥tHfla 4 B0 3L 1 A 42 7 5 2% i 21 2 Bk
Staged 1 Stage3 BEUS I FH R 26 80, $2 5 P 2%
1R R I AR SO ResNet50 F R & A H#EAY .

F 69t T A [FAS HLX BB BE 1Y 52 ), AR SC
Lt A R B EMEE S 0 R 72, 09% AT 73.06%,
CER 48543514 16. 98% i1 16. 68% , BLEU-4 {535
N 84. 01% A1 85. 91%; £EJIA ResNetS0 R J& , EM

R4 FEFHER M 43RG M RE R R2 00
Table 4 Impact of different feature extraction networks on
the performance of the base model

1%

CASIA-CSDB¥cfpge  Mini CASIA-CSDB
bk Atk

EM CER BLEU-4 EM CER BLEU-4

CNN 72.09 1698 90.01 73.06 16.68 93.91
ResNet18 76.02 6.45 9225 7651 6.52 94.01
ResNet50 78.54 635 9295 7922 649 94.18
ResNet152 7799 6.65 9192 77.19 6.44 9398
DenseNet121 7821 6.35 9235 77.96 6.55 94.02
DenseNet169 78.49 629 9298 78.890 6.48 94.20

DenseNet201 78.62 6.28 93.08 79.31 6.45 94.25

JF A5 $E 7 2 79. 02% F1 80. 71%, CER F [ £
6.35% Al 5.97%, BLEU-4 £ J& #| 92.25% FiI
92.12%; /il A 47 4 5 2% J5 , EM B &2 15 4y ik 2|
82.01% Al 83.91%, CER 4§ 45 )& /> ] 5. 98% Al
5.26%, BLEU-4 {8 #2 = %] 93. 56% 1 94. 32% ; £ fift
T P S 7 15 —VE R AL L EM B RS K E)
84.21% #1 84.51%, CER #8 #5 M AKX £ 5. 41%
4.29%, BLEU-4 {H # /= %1] 94. 71% 11 95. 11%; A3 Ml
EH G , EM $2 7+ % 84. 42% F1185. 78%, CER
Febrit—4 TR 5. 22% fi14. 10%, BLEU-4 1 _E T+
}194. 76% F195. 21%.

I 22 X T SE B A R K o, AT AR R s /)
PR T Y 4 A F RS AR SO ik TR S HER R 54
RIHER.

R5 AREEZLT ResNet50 MEsEXT L 216
Table 5 Comparison experiment of ResNet50

performance at different stages
1%

ResNet50

Bk — EM CER BLEUA4
Stage3 Stage4

N v 7854 635 9295

CASIA-CSDB N X 7918 6.54 93.01

x X 7902 632 9295

N v 7721 681 91.02

Mini CASIA-CSDB v X 78.82 642 9191

X X 80.07 597 92.12
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Table 6 The impact of different modules on network performance
it
Bl de EM/%  CER/% BLEU-4/%
ResNet50 Tmiay  HHE—EEImS  RIEFEE
X x x x 72.09 16.98 84.01
N x x X 79.02 6.35 92.25
CASIA-CSDB N N x 82.01 5.98 93.56
N N 84.21 5.41 94.71
N N N 84.42 5.22 94.76
x x x x 73.06 16.68 85.91
N x x x 80.71 5.97 92.12
Mini CASIA-CSDB N x x x 83.91 5.26 94.32
N N x 84.51 429 95.11
N N N N 85.78 4.10 95.21
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BT 2 T2 T 9 A 2 45 44 TR i ASE AR I 25 B[]
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BTN SR 5 25— 25 2849 1) A 2= 25 49 1HU O
o TR AE Gt 25 v R FH el ) ResNet50 5% 22
) £ A A TR ) AR A B2 LI 2%, B v T D AR A A Y
TR AE 3 BCRE J1, {1 BLSTM A 47 4 75 2% R
ResNet50 $2& P REAEASCRRAE 58 4k , 35 558 23 [ RN 7R
FRIE I 45 B, DA $ e A2 A5 R RO E R 23 5
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LSTM fi i #8 iC A2 B8 1 A e 4 s B 15 B
PRI, /0 BRI . SO0 g R R 42 th ey
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UOB. USPTO. Staker. ACS. CASIA-CSDB #l Mini
CASIA-CSDB ##& % I #H %8 SwimOCSR | Image2Mol
H1 ChemPix £ 7 F BRI
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