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Table 1 The experimental data converted to coulomb matrix. au
atomic N N N C C C H H H

N 53.3587 20.6209 20.6202 31.4949 15.7685 31.4924 1.8659 3.3838 3.3834
N 20.6209 53.3587 20.6202 31.4940 31.4934 15.7683 3.3838 3.3835 1.8659
N 20.6202 20.6202 53.3587 15.7681 31.4937 31.4938 3.3835 1.8659 3.3837
C 31.4949 31.4940 15.7681 36.8581 16.0919 16.0917 1.8602 5.5151 1.8601
C 15.7685 31.4934 31.4937 16.0919 36.8581 16.0921 5.5151 1.8601 1.8602
C 31.4924 15.7683 31.4938 16.0917 16.0921 36.8581 1.8602 1.8602 5.5150
H 1.8659 3.3838 3.3835 1.8602 5.5151 1.8602 0.5000 0.2426 0.2426
H 3.3838 3.3835 1.8659 5.5151 1.8601 1.8602 0.2426 0.5000 0.2426
H 3.3834 1.8659 3.3837 1.8601 1.8602 5.5150 0.2426 0.2426 0.5000
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Fig.6 Prediction effect of different training rounds

1)MAE is mean absolute error; 2) MAPE/1000 is mean abso-
lute percentage error/1000; 3) RMSE is root mean square er-

ror; 4)RMSLE is root mean squared logarithmic error.
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Enthalpy of Formation Prediction for Energetic Materials Based on Deep Learning

XU Ya-bin'**, SUN Sheng-jie' **, WU Zhuang'

(1. Betjing Information Science and Technology University , School of Computer, Betjing 100101, China; 2. Beijing Key Laboratory of Internet Culture and
Digital Dissemination Research , Beijing 100101, China; 3. Beijing Advanced Innovation Center for Materials Genome Engineering , Beijing Information
Science and Technology University , Beijing 100101, China)

Abstract: In order to speed up the development of new energetic materials and reduce the time and resource consumption
caused by a large number of experiments, a method for predicting enthalpy of formation of energetic materials is proposed based
on the theory of material genetic engineering. Firstly, the collected atomic coordinate data representing the molecular structure
of energetic materials were converted into a coulomb matrix representing the cartesian coordinate system in the molecule to elim -
inate the influence of translation, rotation, index order and other operations on the prediction of enthalpy of formation. Then,
the enthalpy of formation of energetic materials was predicted according to the proposed fusion model of Convolutional Neural
Network (CNN) and Bi-directional Long Short-term Memory Network (Bi-LSTM) based on Attention mechanism. In this way,
not only can the characteristics of the data be extracted effectively, but also the correlation between the data and the lack of
long-term dependence can be fully considered. Meanwhile, the influence of important characteristics on the prediction results
can be highlighted. The comparison of experimental results shows that the proposed method based on deep learning has the low -
est experimental error in the prediction of enthalpy of formation. Its Mean Absolute Error (MAE), Mean Absolute Percentage Er-
ror (MAPE), Root Mean Square Error (RMSE) and Root Mean Squared Logarithmic Error (RMSLE) are 0.0374, 1.32%, 0.0541
and 0.028, respectively. The prediction goal of "structure-performance" is realized, and a new method is provided for the predic-
tion of enthalpy of formation of energetic materials.

Key words: energetic materials; enthalpy of formation; Attention mechanism; convolutional neural network; bidirectional long
short-term memory network

CLC number: TJ55; TP399 Document code: A DOI: 10.11943/CJEM2020185

(Tidi: T#5)

‘&&&&&&&&&é
§ ek b
S N

220 F 10BN L2 FFH Z B RA 420 RE(1~100 m) 69 3 45 7 & X H 7 F E 8 R AT 640 0 R E
(1~100 pm) &y 457 47 F R 2417

(8 fe AR 40 48 40

Chinese Journal of Energetic Materials, Vo0l.29, No.1, 2021 (20-28) A A AL www.energetic-materials.org.cn



