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Abstract: Energetic materials play a crucial role in military and aerospace applications. However, the discovery and synthesis of novel
energetic compounds still largely rely on traditional trial-and-error approaches, which severely hinder the development of novel energetic
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materials. This study focuses on the prediction of a key thermodynamic property of energetic materials—heat of formation (HOF) and

proposes a machine learning structure-property relationship model that integrates active learning strategies with SMILES-based molecular

feature representation. A dataset containing 1447 gas-phase energetic molecules was constructed based on the high-accuracy G4 quantum

chemical method, and 93 effective SMILES descriptors were extracted to establish a preliminary model for gas-phase HOF using linear

model. Subsequently, the model was applied on the systematical prediction of 221738 potential energetic molecules retrieved from the

PubChem database, enabling the screening of candidates with superior explosive performance. For samples with high prediction errors, an

active learning strategy was implemented to iteratively refine the model parameters, significantly improving prediction accuracy. Validation

on classical energetic molecules illustrated excellent predictive performance, highlighting the model’s strong generalization capability.

Finally, 20 candidate molecules with a TNT equivalent power index exceeding 2.0 were screened, most of which are new to the existing

reservoir of known energetic materials. These results underscore the potential of this proposed approach in accelerating the discovery of

high-performance energetic materials and offer a new strategy for the development of next-generation energetic compounds.

Key words: energetic materials screening; active learning; SMILES features; heat of formation; heat of explosion
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Fig. 1 Distribution diagram of molecular weight (median 127.2 g/mol), number of atoms (median 16.0), nitrogen content

(median 48.3%) and heat of formation (median 60.45 kcal/mol) in energetic material molecules
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Fig. 4 Error correlation plots of training set and testing set of the six machine-learning model

X W, 8 0 A A A R A AE DG I AR UK M
Jo 77 B AT 5 K 7, B A 7 B 5L AL AT
FE DR A7 5 1 TOUDUDORG B2 o A4 TR A o1 ) s B, AR
Y B 2k AR A R4z AbBe 01 5 & vl i ek 2
TV MR MR BE R, T 5 28 Re A R B4 55«
2.2 EFNFEIREEHIE L RS TN ER

T LA R, AR S AR TR ME SR (298 K,
1 atm) T, HH 40 &R SfaE 5 AE B 1 mol b &4
FIF T TR A B R 1) i, R R P A A
RERY DGR T 2 2800, SR, & R A RE 52 FR 1
FH A P e 32 22 P R 22 R[] 52 e, A0 A A ME
DL A Al g MEERE . M LU Z T, IR ME I B
ST A T KE AR ISR T R R IR R A &
W46 Tk B I BT BRI AL A i RE AL R
fE 7 0 OGS A, BRI B OE TP A 2R B 1k

AE. MU, ABESE 2% SCHR (26,4410 B A 7 i, TR
Az B K TN B B JERE b S5 A K-W ORI & 2 5
(4) F1(5) i — 25k BT i 2 43— 110 R O A B HC A
XFF TNT 19 J8k J1 48 5L Porneryo TRV RE 75 22 156 BH 119
S, BT R R E AT R R 298 K R
TR A ks, HA R BAR SR R T IS (E, A
TS BRI A 5RO S2 B8 E . A X AL PubChem
H AR B 7% B8 43 M R 0 8 B A AT AR A BRI
Perry BB, BRAT Poary KT 2.0 B9 T 75 155 RE %
EOr T, FEXTIX B4 T 1 A RS HEAT T G4 BRI T
B 5 A RS X G R B, TS A A £
BRI i 355 114 /55 BB 20 126 U T b e A T
K, H: MAE 1 RMSE 435124 19.53 i1 27.10 keal/mol,
Wi 5(a) Bk .

e

(=3

(=]
T

¢ Training set(MAE=8.78,

o
=
(=)

E Tg 600 1 Rus-12.38, R=0.95) b E

= 300 F - o Testing setMAE=9.21, = 300

8 S 400 - RrMS-15.05, R#=0.96) % 8

H : : i

8 200 + 5 200 F g 200

= jani jan)

2 100+ T ool B 100

2 .S =

= . = = 0d

5 (MAE=19.53, RMS=27.10, R=0.85) | & . 4 (MAE=12.13, RMS=17.08, R*=0.94)

A~ 0 L1 ! ! ! ! & —200 L1 1 1 1 1 =3 0 k¢ ! ! ! !
0 100 200 300 400 —200 0 200 400 600 0 100 200 300 400

G4 HOF/(kcal-mol™")

G4 HOF/(kcal-mol ™)

G4 HOF/(kcal-mol ™)

K5 (a) 2R 73 A BNER 22 A 5 KT (b) F2 8l > Ja A2 PRSI 2R AN As SR AR 22 AH SR 4T
(¢) T3l ) i LR ARSI A 1 0 I 1R 22 4 5K P

Fig. 5 Error correlation plots of (a) prediction errors for the candidate molecules using the linear model; (b) the training and

testing results of the linear model after active learning; (c) prediction errors for the candidate molecules

using the linear model after active learning



B HLARE T B 71 B A RER R Tk S/ M AR (HP3EXC), 2026, 54(1), 20250281 (8 of 11)

SEILE A, T g2 W) iR VI 2R 45 5 7% Re A4 k)
VEAE 2 [0] () B0 o3 A 22 5 B0, X — Bl R L
) 4TSk T BN IR R SRy b, SR FH 3R Bl ) SR R
T 48 X 3% 22 K F 10 keal/mol (1 18 4 fig i £
AIMANGRAE I ERH RV LA, & 5(b) BT
TN, Gt — AR A AR R AR D A Y R AT
IH% 45 B 19 1 B, MAE 1 RMSE 43 51 7 9.21 FiI
15.05 kcal/mol, R* 4 0.963 . [a] i, H X 2 51 1Y
I A i 535 45 =, MAE 1 RMSE 43 B[ & 12.13
H1 17.08 keal/mol, 11 R* M\ 0.85( &1 5(a)) $2 &1 % 0.94
(K 5(c)) »

h it — A BAE SRz L RE 5 B T,
YEHU T TNT. RDX. TNAZ (1,33-=A4 5 A LHF T
ot ) Al FOX-7 (1,1- & 3E-2,2- Al I 2455 ) DU Fp 4
R AR oAk, o, TNT 5 RDX 1% 78
1 LA BOESE Y, T TNAZ 5 FOX-7 | Ay A5 7Y o I
(B2 1o TR &5 R R, AR R X DU T 1Y
A S TN 5 S 2 S YA . REOIMEA
)5, XFF A S 5l % TNAZ il FOX-7, H 7
{8 (4351 M 35.46 5 2.69 keal/mol) 5 B 521 (22.01
5-0.25 keal/mol) AE F #5341 o X F I, A TAE A5
RURAU KT I G R 43 A 9 09 B0 B R AF 34, Xt
AN 53t S IR AR S A TR B

£ 1 NS PO e B =2 7 N T S
ZREAIF AT RN LR, A ST T Az 5 Tt
LR 8 o F iz AL B 1 S &, b & REM
B R o O B R TR AT RE A RS AL L X
<< 5 78 T -0 S i - 0 R B
TIE A58 78 B 1 32 B 2 ) AR TR AR, MR — S =
R PR R P40 3R B, Ol i D RE A RE AR RS
DUASE AR Hhv </ INESCHR 0 37 3 P ) B4R 4 T — 2% T AT
HAZ
2.3 SREM BRI

FE 6 TF A B R T 0 AE TR (0 RS i 1 A e
J& , PR A i vE A B F B T AT T RS
PERY T BE . 241 8 BT HE B Py > 1.5 B, S
TE 420 FpAg L 19 5 RE oy s F — LR S B 2
2.0 J5, WRE R EAE I Z 20 0T 1P T
X 20 53 F O HEE B, 45 4> F 20, PubChem

CID. 2D 4r F4549 . A ks | B KEI . 3= AR
SRR BURA X T TNT 898 36 5055 . Hop,
CID %5 >4 129691886 114 fiig F& U mk wk ) 7F =2 1] 3C
Tk [26]H W 38 Sl — BV AR KE ), i LA A FAE
A 5 REM R 5T A Th AR D DL E

M % 1 o] U, Jr A 0k B o R KE I &
4000 kJ/kg, 5 8R4 5 GEA B (40 RDX: 5075.5 kl/kg,
FOX-7: 3881.13 kI/kg 55 ) W PE B FRAE A AT . Hovp,
(B)-& A -[(BE)-Z A M 3 AR B =5 (o F
A 4 HN,, CID % 5 &y 59708004 ) 1) 4 K #4  7
ik 8722.84 kl/kg. HMRFEEM I, o THA S
ik 99.2% W & A, JR THA W ZZEY, A
AR R B RE A, B T BT, AR KE =
PIN, N, BN — R A a0 5 e
B oAb, 2 HAMhs (4N CID 45k 148241938,
154211030 45 ) 9 & & M i 50%, H H @ F148
B8 KT 2.5, WoR AR b Re A RNV O, E
a5 G otk — R ik . o5 — i,
A K e IR Y 2 (CID 4 5 129689476), H:{H
(23.67 kecal/mol)#% it TNAZ, 1H H & F 5 24 Ky
—22.42%, 1 I Ay 1AE i, Ak S PR B R RE BN
Fo E HOMLAREE B ] Rt TR AR . A T 4R B
{E 8 2 1.9, W AT 0 6 4 A s AR Y 431, 4
N R (SR AR ) T B, HC T AR Sk
=5.10 kecal/mol(G4 11 55 {H &y 4.32 keal/mol), Ik T
TNT(5.49 kcal/mol), &M 45 H & pl 6 26 7T fig 5 fiij
RE AN G N L =T L - S % e a2 Y (RS )
—17.38%, W45 3 % S 1A, 48 A IF e A R ) 3R
f, ELA A TNT A9 0y o A, i 45 1 bl
A0 55 ST 5 23 0 1943 1 (CID 4 %5 148548035),
RH AR A B v, T REAE SEBRA B R T I Pk 5 o

EAS R B, A R 0 i i 3k 4 1
RIS R R Re, 2 bR A
Tk S HE — 2D B0 TE R PP Al A DG 8 Ak v T
g5 I, BT F gl o RS 24l g Y A RS T
DR RY , 25 5 B KE IS ) 768 B PEAL BB A
R ZREALERE T SR B9 & RE M L4 TR L,
AL R AR Y T 5 O R SRR R R
TH.



A HLARE T B 71 B A RER R Tk S/ M AR (HP3EXC), 2026, 54(1), 20250281 (9 of 11)

F1 MREEHFEHA 20 D Py > 2.0 BIRESF
Table 1 Screened out 20 candidates from the filter set with Pyqyr) > 2.0

Formula PubChem CID 2D molecular depiction AHfa/(kcal-mofl) AH,/(k J-kgfl ) Vg/(dm3 .kgfl) P.in)

[}
\ NH 71.17
CH(NO; 153952084 /l\w/\\( : 5945.75 1044.65 2.01
o 1 (49.35)
OH
H 9
H:N! N // ]0805
C,HN:O 1 ~N 195.72 1196.08 2.02
2HsN5O, 57115395 N (109.65) 21937
" 155.42
H.N,O 148241938 \ : 7476.50 1128.58 2.74
o S~ (174.33)
0 68.53
HN o . . .
N0, 87424472 AN (75,00 7206.63 910.04 2.13
CH,N,0 172554591 S 49.77 5560.76 1157.82 2.09
\ . . .
2 = (73.34)
£ e 86.64
CH,N;O; 140363114 T 7354.06 841.68 2.01
o \()/V\VN (98.65)
CH:N 140914248 S 317.28 7849.79 927.20 236
AN AN . . .
i SONCRER (332.56)
ol s 262.75
C,H;N:O 129777279 : 8676.56 877.85 2.47
e . (248.76)
\\/
264.92
HN 59708004 N 8722.84 881.40 2.49
K SENINS (264.84)
o)
N // 78.20
CHN,0 129762552 X 8079.04 772.08 2.02
w2 i AN (101.30)
(6]
S (I)
NN A 269.21
C,H,N,,0 14854 | 0 : 72 822.46 2.02
'111‘ (lm
o NH,  NH
i 99.42
CH,N,0, 129640395 AN S (0L01) 6121.00 1085.32 2.15
NH
=N 100.67
CH;N;O 129691886 N— ‘ 6626.80 956.71 2.06
e Lk/ % (54.55)
H
CHN,0 129813566 N — 103.59 7713.16 945.96 237
3 HI\//I\ =N (91.92) . . .
N 20.66
CH.N;O; 129689476 ST 636131 1046.05 2.16
Lol (23.67)
8 ) 182.25
CH,N 129767002 N 6743.12 990.41 2.17
w7 NN (191.63)
" 136.78
H.NO 154211030 / 7805.55 1076.17 272
e N o= (133.67)
N 185.61
CH,N;O, 148548035 “;“’\),J 10970 8123.16 772.06 2.03
Ho—NH \\h ( ’ )
N 156.59
CHN 154414430 N A 7888.61 809.11 2.07
s N A (170.94)
. . 164.71
CH,N, 153744440 DN P (175.14) 7027.17 913.64 2.08

*: The values in brackets are calculated using G4 theory.
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