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Table 1 Accuracies of five models on real and augmented
data
data type accuracy / %

RF XGBoost BPNN SVM  k-means
real data 100 99.8 99.8 99.5 98.5
augmented data (10) 73.8  71.7 75 73.9 66.4
augmented data (30) 97.8  98.3 98.4 98.6 97.3
augmented data (50) 99.8  99.9 99.8 99.9 99.7
augmented data (100) 99.7  99.9 99.9 99.9 94.7
augmented data (150) 100 100 100.0 100 95.7

TE I 2R B /D (A 10 UC) IF, I o 452 78 o Ay 5% 1 48
I FEIR B 50 B TR, 5 I ah B0 fE B A0 Y .
SR KF L IX 4 Tl B 2% 2] BB A 5 b A b R AL
S, RS 78 43 F) H A 1 BCH 1 4R AE

[ B, A2 1 Ha] DLW 22 31, k-means 2 8 5%
B HE AR E BE I R R BOE I 3%k B AR T R
P Some AR R BE BT i AN g3 A Y AR Ak e B
] kB o AR YR UCEON 10 YOS F) 50 Ik
BF A BB 3 T 2 O D AR B A A R AR A R W
S, DGR AR SR T . SR, Bl U 2RI B — 2P
g, A A R ORE B W O B R bs B HE 1 B S )
A, 551 AT 2 0 MR R ol A X, 2 B k-means

KRR T B . M T B AE S B (AN RF R XG-

Boost) BE % F| HI 45 45 {7 B #F 17 21 1E |, k-means Xt %%
it o3 A T Ry BOER, T S N AR B A R A
PRI, 3 — 3 3k WY A {1 O Wa B O vk i, N TE R
2 1 U 25 B 0 2B i B ol SR PRBCHRE 0 A
g 26 1717 5% i A5E Y M 68 o
22 FHEEEME k-means BE S

R Tk AR W A D] AR AR (1 PN AR R N R SR
HLH , 45 51 & RF T XGBoost 5 B 75 J AT 55 vp (5 1E
7 PR 50, X8 3 R P AE AR ) ARp AE B B AT T IR A A
B B AR S HE R I 7 s . M 7a ] WAL F]
RF #78 rf fge K(H 06 B A 98 55 A A1 BT R B 0K B AR
AR 2494 5 1 1] 7b 7R H XGBoost 45 7 i i K i X
— B AE B TR B G T 0.8, ol 4R AE AY B E 1 OE 4
B k8 22 S 3R W A (RS A A ] AR AR R AT DR
F B4 5 W 5 D G A AR — 0 2200 . PR AU 34 7R e R
1B J2 e T B RRAIE , 3X R RE 3R AR AR S AR AR S IR E
b FT R AFAE 2 AR R A RRAE .

AN, o T W b 5 B k-means 3R 2L TR 5
T B R A B B A e B, X R G BOHE A [ I 2k

Chinese Journal of Energetic Materials, Vol.33, No.2, 2025 (136—147)

max value
kurtosis
bandwidth

zero crossing rate f ]
spectral centroid FI ]
P
E]
i

skewness
spectral flatness

000 005 010 015 020 025 030 035
importance

max value
bandwidth

H
skewness
mean |
kurtosis |
spectral centroid |
zero crossing rate |
]

0

spectral flatness

0.2 0.4 0.6 0.8 1.0
importance

b. XGBoost
B 7 FRAEE X L

Fig.7 Comparison of feature importance

OB 1S 58 B 5 k-means B 2545 R EFT T PCA 431
FXF LG, an il 8 Fr s o &l 8a n] LU I 4s 4l PCA
oy A B WY SR AR S5 R, Rl ObR 25 A B AL 1A
8b EBL T k-means 5 25 3L AR GE 45 i $2 X AP AR 2454,
A7 AE D36 5 b5 25 1R VG o 1B 8¢ 7] DL H #E cGAN
YIZR 10 YOI, 1 5 500 P b b 25 43 S B8, 1] 8d
AR BHRARZE . YL 50 I, Bl 8e Hr 1 5
BOHE B 43 A0 S0 W, 5 b B0HE B — 20, AN 8f
Rl DL R RE R T, B 8g T KL
FE Y25 150 YK, 38 5 B8 0 2 A O 2 O 25 R 1R 4
i, A RESI A T T 22 M OR S B S, DA &l 8h
PR BRI T RE . BAIKKRE  k-means 1 ik
B % 384 BCHE U 2R O B AR A B Dk sh L 5 R
TR ME R R AR R B IR, Y R s AR Y
o3 A B T bR B HE B SR 28 M BB AT DL AR B A AR
Tt SR, B & DI 2R B0 i — 28 B, B o3 A %
e S TR A A, T AR R B S R R A, R BOR K
R TR
2.3 REZIRBVHINE5RIE

Fa gt T 3 F CNN FIVIT B B 22 S BRI A 3
PRI E TR 5 5 MR JZ R . B9 /R T CNN Al
At

www.energetic-materials.org.cn



HE T U S B RE AR gl RO AL 2 2 o U 143

10k +  label=0 . 10f
e label=1, - ,
05} e 05}
- thdet 4 HL e - e,
0.0k o e o o™ x Sl 0.0 "'w-._'- et
X g‘.- e ° P '355: ol: Q'ﬁ‘fﬁﬁ e .« @ ,':'i#:.:.“ &#? K
0.5} ‘ . ) 05} L . )
0.5 0.0 0.5 1.0 05 0.0 05 1.0
PC1 PC1
a. original data b. clustering on original data
1.0 1.0
+  label=0 Veagd +  label=0 Veasd?t
sl label=1 S ot sl label=1 R
o o
© O
& 00t o ootk
! .
0.5 05}
05 00 05 05 00 05
PC1 PCt
c. augmented data(10) d. clustering on augmented data(10)
1.0r .
+ label=0 +  label=0
+ label=1* ° *  label=1
05}
o~ o~
g 2
0.0+
05} o
-0.5 0.0 0.5 1.0 -0.5 0.0 0.5 1.0

PC1 PC1
e. augmented data(50)

10l label0 s .
« label=1

05 00 05 10 . .
PC1 PCi

g. augmented data(150) h. clustering on augmented data(150)

8  JFIAEUE 5 k-means RISEE ALY PCA 431 X 1L

Fig.8 PCA distribution comparison of original data and k-means clustering results

CHINESE JOURNAL OF ENERGETIC MATERIALS 2 A

o
Il

M 2025 4% H 334 HA 24 (136-147)



144 SRA AT, AT, SCE SR SR, T, AR PRI RS R o 5L X0 AR i

FE I Z5ask B v i 90 % R BRC(E R E B R AR i 2R . A
Bl 9am] LLE Y2k 4R 458 2k 18 Bt 3% AR K00 38 %
ST B, 26 WA R AE I 2k B HE LG R R
SR o SR, B UE A BOAR B IR 2 BT RF
PO JE W BT B B I B o a3 BH AR R T
Refrfe— B R M BIA B S, 5800 R Wit i 5k
P iz A BE 1 R R AE R N 9b i HE B R OR B
AN . B 9b R, SR G IE 4 9 R AE
U B, (E AR A 1 o i R AT R DR TE B R KT o
Z¢, CNN #58 A0 78 3 4 A ME AR R 3K 5] T 98.1%,
8B B A R R R T AT S b BT R
B 2% BRI AT SE 1

08
train_loss

061} ——val_loss
204
o

02}

0.0 ) .

0 100 200

epoch

a. training and validation loss curves

08f
061
©
>
So4f
02r val_acc
0o} | . test_af:c
0 100 200
epoch

b. validation and testing accuracy curves

9 CNNBiAIZS
Fig.9 Results of CNN model

MIEL10am] LUA Hi , VIT R A I 25 42 10 56 10k 45 45
R AR B A VI 2R 5 O H O 3 T [, 9 AR K25 50
Gl a TR L TR . X R W] VIT R AR
S B N R RS BRI HLA B4 BE A AU (S S
BIVR 2 HFRAE o Ak, 5 CNN B RY AR LG, ViIT 455 7Y ) 4
SAEL il TN, B N ki AR b i sl D T
45 SR AR E T EE . PR 10b R, VT R AL AR I 2R
Ao T R R R A L6 IE 4 I A R A S SR By
Beth B T B fono P sl AR WY T REAFAE — R HY UL B

Chinese Journal of Energetic Materials, Vol.33, No.2, 2025 (136—147)

0.8
——train_loss
0.6 val_loss
204
K]
0.2
0.0} ‘“—**—wl — .
0 100 200

epoch

a. training and validation loss curves

1.00 -

o

©

a
T

accuracy

0.90

val_acc

test_acc

0.85 L
0 100 200

epoch

b. validation and testing accuracy curves

E10 VITHAIZR
Fig.10 Results of ViT model

S0 JE L, VIT AR AR AR b 0 o i R e 4Gk
#798.4%.

N TG A RN S B b T g s B A A B
%, 223 A F DCGAN ke 3 m il 25 8¢ A< 1) 2 K 1 A
Broat . K1 JROR TR S L CNNFL VIT AR AL TR
6 UE A AN G AR T 0 v R AR RN L L OF S R 4R B
P N g AT T X oo NI T1aml DLE
SIAPY 8 E P 5, CNIN RS i) 56 I 48 of 6 R A T
J G B s U R i A R A R TE LA B T 98.4% . il
LR TN W, R W B B A RO T 2Rt
T by Uk Bl R TR R AE 50 UE 4 1 Y32 Tk Rg
B 11b R T Ba § 88 6 ViT A5 R B g it . B
P14 05, VAT AR A 0 4R oE B R B T & 98.9% .
SR TR A PR E AR R SRR B X —
TR EE R T UE W ECHE B 4 SR s X B R P g Y Ak B
A FBURAE o e Ah P3G R 19 51 A Al A5 D AR
YE B R 2 T AR, F — P B UE T X 22 i o
GG WA R

(AT 3 — 25 BT 0 S, AW 5% 7 41 ) A 25080 4
dr LR AT AR M 0y K 25 28 A R A AR 2% il o3
B MRV 2 AN AH ] (B AL e b 2% ) TR 2 2 ) 1 7l
At

www.energetic-materials.org.cn



HE T U S B RE AR gl RO AL 2 2 o U

145

10F W o~
08+
306}
o
3
S04
0.2 val_acc
00} . —test_?cc
0 100 200
epoch
a. CNN
1.00
0.95¢
>
8
=5
§ 090}
val_acc
085 ——test_acc
0 100 200
epoch
b. VIiT

11 BEd 8 /5 CNIN A VIT B A ) i 5 R X L
Fig.11

data augmentation

TE Y H B A5 18T 5 RE B A T 3t X 733 M 5 R 8 A
FfF o XAE— R BRI, A [ K 25 48 KE i 7 A= 1Y
PR S AT BEAE AR AR — S 3R B TR JZ R, 0 I 4
i IE BE % WML A% = ~ B AT RO o o) R L SR
FT T OR T 3 R 2 2R R, BRI AR
2 W) 25 76 SR B R AR S die 4 1 kAT i — 2P Bk
LA DR ASE T 75 B 52 % 20 1 LS 37 5 v AR 1T 5 Y
FIHIGE ST o RIVHE— 25 ¥R I K L8 338 Ak 1) ) BELAS Jo Al
FERUHL] , DL R e AT TR T T 32 M 25 26 70 b i % 5 1,
A B TR O R Rz Al B R A R R BE K

Accuracy comparison of CNN and ViT models after

3 & it

AR B T WL 2% 2 BOR 38 X R AE S AR S
7 b g2 i 7 — M s B R Y A sk A O &
FREBWT .

(1) S5 96 25 R R B, 1L 52 L & 5 > B AL RF,
XGBoost,BPNN Fl SVM RE % A &4 $1& Bt — 4 75 ¥ R ik
WA B R DR LR BOE S A E R R 35 5 99.5% L
I, k-means 25 7E JE 4R BOHE 4 b 0 oE B R A Gk

CHINESE JOURNAL OF ENERGETIC MATERIALS

F| T 98.5% . X — 455 Al RE 5 FEAS Lb )™ 5 AN S A
PR e 7 i R i b A

(2)7E K FH cGAN A B T8 i $dls 2 05, kK BB
I B 5K RF . XGBoost.BPNN Fl SVM 7 4
S 0 P A R A T T R A 283K B 100%, i
k-means 28 28 5 v B 5 cGAN VI 21 Y B0 34 hn, v o
REIE FIHE N TR RGN
HE— 25 380, B o A 28 A S R AR S5 A, 5N T M
LR v

(3) TR JE 2% 2 KR CNINCFI VT 78 5 36 B0di 48 1
) o B 2R 43 00 R 98.1% 11 98.4% , HL#b & /& T i
B3 LA R 4, T 75 DCGAN B RBUHE 2 5, e %
AR T 98.4% F198.9% . X 1l BEJE i TR B 2%
2] A AL BN RE A AT BE TG R AT A 4R B B
TEW) AR TR REAE oAb, b A B4 AT R X AR
R ZALBE 17 A T — R . R, SRR E
W 5% v i SR 9 AL #8220 O I S AR T 5 i i
W% W UE T AR S AR S i
HRLE .

kPSR W] R SRR AT T 2 RO [ 26
() K 24 R, ELASE ZR 1 25 ol B b RN KR 2 28 AR S
Pric s B PR 2 BRI R R R R I S
H SRR RE ) o X — B0 5 R R [ 2 AR
24 75 5 E o B2 b n] Be A7 AR S 19 A SR R AR . R B
S5 A Tz R R 2 R S XA DG A5 1
PEHEATH#E — L 0Bk . 7R S5 Se 0 gE b, 3T Rl ok i
IR AR RS 2 RS R B CIn s e s A A
FRAE ), F— 25 2 TH AR 1 32 1k BB A Rk, AT
hy K 24 JRE o R ORE 1) R Ak A Ak DT A i 4
THT 1) 5 AR SCH%

S E Tk

[1] RUS D C, MIRON C, MICLEA O, et al. Computerized simula-
tions and modelling for evaluation of ballistic and security pa-
rameters of explosives for civil use[ C]//MATEC Web of Confer-
ences. EDP Sciences, 2022, 373: 00047.

[2] SALINI M, PAUNILA S. Recognizing and reducing risks from
ammunition and explosives [J]. The Journal of Conventional
Weapons Destruction, 2021, 25(1): 21.

(3] WS, SRubvl, 4B dbre, & . BB XE 25 245 #1019 3K 50 F

gE[)]. KHEZG AR, 2018, 41(2): 127-30+36.
CHEN Hao. XU Hong-tao, ZOU Hong-hui, et al. Experimen-
tal study on impact sensitivity of typical explosive grain [J].
Chinese Journal of Explosives & Propellants, 2018, 41(2) :
127-30+36.

(4] HERRFEE AR TAZ G 2. GIB 772A-97 HE 250 Jr [ s]. 4t

N XK 2025 % $ 334 H 248 (136-147)



146 SRR AR, SO S, SR, T A S AR R R L LRI AR
AU E bR R, 1997, 2020, 22(2): 683-91.

Commission of Science, Technology and Industry for National [19] CORTES C. Support-Vector Networks [J]. Machine Learning,
Defense. GJB 772A-97: Test methods for explosives[S]. Bei 1995, 20: 273-297.
jing: China Standard Press, 1997. [20] COVER T, HART P. Nearest neighbor pattern classification

[5] LEASE N, KLAMBOROWSKI L M, PERRIOT R, et al. Identify- [J]. IEEE transactions on information theory, 1967, 13 (1) :
ing the molecular properties that drive explosive sensitivity in 21-7.

a series of nitrate esters[J]. The Journal of Physical Chemistry [21] BREIMAN L. Random forests[]]. Machine learning, 2001, 45:
Letters, 2022, 13(40): 9422-8. 5-32.

[6] MARRS F W, MANNER V W, BURCH A C, et al. Sources of [22] MUSCAR L, TELEMBICI T, RUSU C. Deep learning-based
variation in drop-weight impact sensitivity testing of the explo- sound classification algorithms for enhanced service robots au-
sive pentaerythritol tetranitrate [J]. Industrial & Engineering dio capabilities [C]//2024 15th International Conference on
Chemistry Research, 2021, 60(13): 5024-33. Communications (COMM). IEEE, 2024: 1-6.

[7] SALOMONS E. Analytical model for sound of explosives and [23] BRAUSCH L, HEWENER H, LUKOWICZ P. Classifying mus-
firearms[]]. The Journal of the Acoustical Society of America, cle states with one-dimensional radio-frequency signals from
2024, 156(3): 2034-44. single element ultrasound transducers [J]. Sensors, 2022, 22

[8] MAN H, DESAI S. Acoustic analysis of explosions in high (7):2789.
noise environment [ C]//Unattended Ground, Sea, and Air [24] 75w, e, BEWm, % . 3T W aRIe A R G IT
Sensor Technologies and Applications X. SPIE, 2008, 6963: A0, )R =M CH SRR . 2023, 60(6): 144-150.
108-115. ZHENG Zi-giang, HE De-huai. LIAO Xiao-nan, et al. Audio

[9] vk, sk, s, 25 . 42 o 5 B iR 06 6 o B a0 oy s . based suicide risk assessment of criminals[]]. Journal of Sich-
CN201410145677.4[P], 2014. uan University ( Natural Science Fdition) , 2023, 60 (06) :
FEI Yi, ZHANG Chen, ZHANG Fan, et al. Methods for Im- 144-150.
proving the Accuracy of Impact Sensitivity Tests, [25] GRAVES A, MOHAMED A, HINTON G. Speech recognition
CN201410145677.4[P], 2014. with deep recurrent neural networks [C]//2013 IEEE interna-

[10] LECUN Y, BENGIO Y, HINTON G. Deep learning[]]. nature, tional conference on acoustics, speech and signal processing.
2015, 521(7553): 436—44. leee, 2013: 6645-6649.

[11] KRIZHEVSKY A, SUTSKEVER I, HINTON G E. Imagenet classi- [26] DOSOVITSKIY A. An image is worth 16x16 words: Transform-
fication with deep convolutional neural networks[])]. Advanc- ers for image recognition at scale[OL]. arXiv preprint arXiv:
es in neural information processing systems, 2012, 25. 2010. 11929, 2020.

[12] %A, W=, B, 5. 35T Ol VGG-16 [ 45 1 58 38 7 35 [27] ATREY P K, HOSSAIN M A, EL SADDIK A, et al. Multimodal
HUA R EMR )] VIR RS (A SRR ) , 2023, 45 fusion for multimedia analysis: A survey[J]. Multimedia sys-
(12): 145-56. tems, 2010, 16: 345-79.

XU Ke, YAO Ling-yun, YAO Jing-yi, et al. Research on traffic [28] GOODFELLOW |, POUGET-ABADIE J, MIRZA M, et al. Gen-
sound event classification method based on improved VGG-16 erative adversarial nets[J]. Advances in neural information pro-
network [J]. Journal of Southwest University ( Natural Science cessing systems, 2014, 27.

Edition), 2023, 45(12): 145-56. [39] SHORTEN C, KHOSHGOFTAAR T M. A survey on image data

[13] TZANETAKIS G, COOK P. Musical genre classification of au- augmentation for deep learningl]]. Journal of big data, 2019,
dio signals[J]. IEEE Transactions on speech and audio process- 6(1): 1-48.
ing, 2002, 10(5): 293-302. [30] FANG J, ZHANG W, MANG H, ZHOU Z. A Method for Gen-

[14] HUANG X, LI C, TAN K, et al. Applying machine learning to erating Small Sample Data and Evaluating the Effectiveness of
balance performance and stability of high energy density mate- Combat Weapons Based on Conditional Adversarial Nets[ C]//
rials[J]. Iscience, 2021, 24(3). 2023 2nd International Conference on Artificial Intelligence

[15] SONG T, GUO F, JIANG H, et al. HGAT-BR: and Computer Information Technology (AICIT). IEEE, 2023:
Hyperedge-based graph attention network for basket recom- 1-6.
mendation[)]. Applied Intelligence, 2023, 53(2): 1435-51. [31] WU Q, CHEN Y, MENG J. DCGAN-based data augmentation

[16] GUO F, WEN Y S, FENG S Q, et al. Intelligent-ReaxFF: eval- for tomato leaf disease identification [J]. IEEE access, 2020,
uating the reactive force field parameters with machine learn- 8:98716-98728.
ing[J]. Computational Materials Science, 2020, 172: 109393. [32] ENGEL J, AGRAWAL K K, CHEN S, et al. Gansynth: Adver-

[17] XUE LY, GUO F, WEN Y S, et al. ReaxFF-MPNN machine sarial neural audio synthesis[OL]. arXiv preprint arXiv: 1902.
learning potential: a combination of reactive force field and 08710, 2019.
message passing neural networks[)]. Physical chemistry chemi- [33] PK M K, GURRAM M R, HOSSAIN A A, AMSAAD F.
cal physics, 2021, 23(35): 19457-64. ARIMA-DCGAN Synergy: A Novel Adversarial Approach to

[18] ZENG J, CAO L, CHIN C H, et al. ReacNetGenerator: an au- Outlier Detection in Time Series Data [CJ]//NAECON

tomatic reaction network generator for reactive molecular dy-

namics simulations [J]. Physical chemistry chemical physics,

Chinese Journal of Energetic Materials, Vol.33, No.2, 2025 (136—147)

Sttt

2024-IEEE National Aerospace and Electronics Conference.
IEEE, 2024: 423-427.

www.energetic-materials.org.cn



HE T U S B RE AR gl RO AL 2 2 o U 147

Machine Learning Recognition of Impact Sensitivity of Energetic Materials Based on Acoustic Signals

ZHANG Bing-ru', LI Ming', WEN Yu-shi', GUO Feng’, YU Shao-jun', JI Chun-liang’, LIN Cong-mei', HAO Li-xiao',
HAN Yong', DENG Chuan', DAI Xiao-gan'

(1. Institute of Chemical Materials, CAEP, Mianyang 621999, China; 2. School of Physical Science and Information Technology, Liaocheng University,
Liaocheng 252059, China; 3. School of Mechatronical Engineering , Beijing Institute of Technology , Beijing 100081, China)

Abstract: To improve the accuracy and objectivity of explosives’ impact sensitivity testing, machine learning methods were ap-
plied in the intelligent recognition of explosives’ impact response acoustic signals. Experiments on mixed explosives were con-
ducted using a drop-weight impact sensitivity test device, with an audio acquisition system synchronously capturing acoustic sig-
nals during the impact process. One-dimensional time domain and frequency domain features, such as maximum value and
bandwidth, were extracted. Short-Time Fourier Transform (STFT) was employed to convert audio data into frequency spectro-
grams. Data augmentation for one-dimensional data was performed using a Conditional Generative Adversarial Network
(cGAN) , while a Deep Convolutional Generative Adversarial Network (DCGAN) was applied to enhance spectrogram data.
Multiple machine learning models were employed for explosion classification, including Random Forest (RF), eXtreme Gradient
Boosting (XGBoost) , Back-propagation Neural Network (BPNN), Support Vector Machine (SVM), k-means clustering, Convo-
lutional Neural Network (CNN) , and Vision Transformer (ViT). Results demonstrate that RF, XGBoost, BPNN, and SVM
achieve accuracy rates exceeding 99.5% on the real dataset and achieve 100% on the cGAN-augmented dataset. In contrast,
k-means clustering initially reaches an accuracy of 98.5% on the real dataset, but accuracy shows a trend of increase followed
by decline on augmented data. CNN and ViT achieve accuracies of 98.1% and 98.4% on the real dataset, respectively, and im-
proved to 98.4% and 98.9% on augmented data. However, their accuracy still exhibited potential for improvement due to the
constraints of small sample sizes and minor overfitting issues. The proposed machine learning-based intelligent recognition meth-
od for explosives’ impact sensitivity in this study achieved a high level of accuracy, demonstrating its reliability and practicality
in the task of detecting explosive sound signals. At the same time, it effectively mitigates the subjectivity and inefficiency associat-
ed with traditional manual recognition methods, providing a reliable technical solution for the safety use of explosives.

Key words: impact sensitivity; machine learning; deep learning; data augmentation; convolutional neural network;acoustic signal
recognition
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