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Abstract

Aiming at the problem that the lack of terahertz time-domain spectral data leads to the low accu-
racy of terahertz time-domain spectral recognition based on deep learning algorithms, a terahertz
time-domain spectral concealment identification method based on improved ACGAN sample en-
hancement is proposed. Improve ACGAN to introduce residual units in the generator to improve
the generation of high-fidelity data. Adding a long and short-term memory network to the discri-
minator improves the ability to discriminate the authenticity of the data. The experiment first
uses a reflection terahertz spectrometer system to measure 1260 terahertz time-domain spectral
data of seven types of flammable and explosive liquids, such as alcohol, kerosene, edible oil, fran-
kincense oil, turpentine, rosin oil, and camphor oil, and feed them into deep learning. The classifi-
cation model is trained; then the enhanced data set is injected into the trained classification mod-
el, and the recognition accuracy indicators are analyzed and tested, and compared with ACGAN
and Mixup. The recognition accuracy of ResNet, CNN, FCN, and MLP classification models after en-
hanced and expanded original samples using improved ACGAN increased by 1.4%, 1.63%, 0.96%,
and 1.07%, respectively, which was higher than that of ACGAN and Mixup. The results show that
improving ACGAN can effectively improve the problem of insufficient training samples and im-
prove the accuracy of model recognition.
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KA 25 7 BT T LL A 2 KU 2 T ) LB DR EG e B AT P S M e 3 I P 400 J v ) 43
B ARG E R AR R 2, KR %I 1806 7 (terahertz time-domain spectroscopy, THZ-TDS)H A [1]
JELRUT o THZ-TDS AR T LUd i 1R P 5 (1 i S0 e 1 xof 8- 2 S T g AT JE Rl [2] . 4R, kbl
LI [BIRHAR L 2 S BRI TR 24 SO A 70 SRR 55 b o Eh A [4] 5 Se M IR FE AR & i 45
(Deep Belief Network, DBN)X} 8 Ak 2f i (AR ZZ IO i B TR A 3], ARG K 4R (K-Nearest
Neighbor, KNN)GELEA FIMNREE EREAT 70 280000, At B0 SR UER R 1 7E 90% DA b SEae 4l Rk W4
25 ) 2 S K 2 B 45 0t % R AT TR S B0 AT AT M o B U B A% [5] 4 H A 3 T 1) K A A 12 I 4%
(BLSTM-RNN)XJ 15 Rt &b AT 2 FRnill,  Sede 45 SRR VR EE 2% =) U7k v] LA A SR BOGIEHOE i) £ 2
fiE, BETH SR R R L o ORI, VR E S 2] SRVE TR BN AR E I SR R S B LS LR

FE IR G I O i B R gty 1 TR B ORRR 25 I O G B oA R . I, B0
ARHBOEMER . FEXX — R, XMRFEF[6]EXS 15 R AL SRR, 8 SR 22 20 Bl i 05 9™
AREAEER, REHA PCA-SVM 73 BRI h gt 17320000, R ZRAE 90% A b, 21 ik
L E IR 250308 G 5 U DR R BT ) A2 J o] B 1 28 (G AN B2 FH 7 R 24 IR 3ok 1 e sy, e
1) A5 [ 75 S5 A 2 o 3 ' 1 0 SR AN A GAN 7 78 ) IO B2 43 7l N SVML. LSTM Fl DNN 43
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PR, SN o AT R IS BEEAT X L b . SRR S5 RR I, AP TG AR SRR 5 o 2Rt
B E R R T

GAN 1R —FAE IR FE 2 SRR, Reff 5 ) LSRR M AR, AR A B AR AR, gk
JEAE R AA R ] R T —Fp BT 1A Ve BB o (2L 501 GAN HEBYTE VI ZRi A7 7E ISR PR A L X
FEin LSRR B R ARSI R, ik, 14 T WGAN (Wasserstein GAN). 4iB14r3% GAN (ACGAN)
EATAE GAN B AR LS GAN [RIERIG . T 5P AHSE[8]H H ] WGAN i H ) 2 4t =l sk 2Rk Bl i3k 47
H, ST R e A AN R ZE SR bR, 153 A WGAN A HH R 5 B S o A FE A
& . Pu Wang ZE[9]#2 A H] ACGAN XU HUAE ST 4 G 9%, FFHIA ResNet 5 LSTM FFATIEHEH)
BV BEAT 73 R0, Seae 25 R IR BAE AR AT 4 7 T DA 20 R R R e e . RO FUAR B Y
GAN HERYLE I 5 4 3 77 THI R8s 70

B 0o AR 2 B 3 R I SRS A R ) T, 4 — P TR 25 X 4 (ResNet)  [LO] K5 B 1c 42, 10 ¢
(Long-Short Term Memory, STM) [11]#¢4/ B 73 284 A Bt 2 (RL-ACGAN) ZEATFEA Y 78 . RL-ACGAN
BEAE A s h 51N ResNet SRZZ AR BERRAE « WA HME S8 T @, (]IS SIS BN ] 571 B8040 £ e AAE 422 RN =
)y AEHDEE R GIN LSTM )2, $288 250808 0] SE IR 2 IR IR AR e, 52 U s S AN O RE o RIS
K W Wasserstein HE5[12] #1645 GAN BB i (R4 ek 4, 2200 BEVH 2k . LU A ) . S50
KRG . G BRI FLE L RATITIH . R i DSOS C R S R AR R A 2 I I R A
fii N RL-ACGAN #HATH4E G 58, AR5 18 IR 46 B 2211 2% ResNet. CNN. FCN 1 MLP 7)Y, £
Ji o AR OB SR AN 785 BIEE 2 A AN IR R, h R A v B 28 3047 43 #, I 5 ACGAN Fl Mixup
BEATX . SREG A RAUE B RL-ACGAN R AT HRY 78 )5, DU 7 AR (1R RS P40 8e v 1
1.256%, LLRIELFH ACGAN & i 0.709%.
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Figure 1. GAN model network structure diagram
B 1. GAN =B ML 515 [
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AR IR GAN BUHY e P E[]. G(z). D[] 4 BIZma BRI, /s
ottt . FIBI ORISR, ARR). 24 5(3) 5 AL S 5B OBUR B Lo Loo B L3k HR
BRI R, 75 GAN B SRt siUR A K T B 2 SR & FUS SR 005, (I BB Tk

SO R SO S A R
minminV (D,G) = E, g, [log, D(x)]+E, p, [tog; (1-D(G(2)))] @)
Lo =E, [Iogz (1- D(G(z)))} )
Lo = B, 5,,, [109, D(x)]+E, 5, [ log, (1-D(G(2)))| @)

2.2. FHENG AL R HMLE(ACGAN)

2 J&7R ACGAN M4 45 k4[14], TEA&L40 GAN B (35l B 5| N T H#Bh/r HKbr%s, H IR 5508
AR ), 1T G Gr GAN R BRI R FRAS rTHE BB . 75 ACGAN HE R A (5 B FAE - T
AR, BN KA S RIS AR S A TR RO 1 B L RN . ACGAN [0 2R R 45060 3 AR B2
K Lo FMESR Lo 43R40 Lo =807, rnlinAaX(4). (5) B)Frm. Herh, A pasAIH il &5 2
s D,], <1ife,], <1.

Le =—E, 5 [(G(2).¢)] @)
Ly =€ o [D0R0]]-, o [D(6(2) )]+ 25, (DR, -3 ®
Le =Ec_p, [l0g, D(c)]+Ecp [Iog2 (1- D(G(c)))} (6)
______ b}
. | UG
o ' S
| EREG F AR > HlnilgD ~|::
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Figure 2. ACGAN model network structure diagram
[ 2. ACGAN =B 4E L5 E

2.3. ET ResNet §1 LSTM BO3dEN 4 284 B 351 4%

2.3.1. RL-ACGAN R4+

N T AL G0 ACGAN A5 A M LIS B 4 gk A7 g At . B B B HL 5 i ek, R TE
ACGAN (1145 B 28 1) 1) 22 vh 43 5 im N ResNet Al LSTM,  #5 Bk ) 27 = B S K B 85 1) (R 3 A 45k
I H Wasserstein #F 23 i i & B HOE 5 4 s (0 22 08, M8 ik i) ACGAN X Ji 46 AHH 2% I 380k 1
HARFATY 78, DL R LE AR 24 SO WA B 2 21 70 AT 28 T RO B R AR 1) 75 5k« RL-ACGAN
H 1AM SR 5 AN ZE RN 1 AN R AL, 5 Rt 3 R AR Y 1 S4B E A Leaky
ReLU W#uf R AL [15] B K] 4 JEoR )RR E R Iuail, A= ERE, /3fEH 8 x8. 5x5, 3x3
HER, HFHEZEERP KA EN 1 Bl 14 1 4282 Tanh BoE R B8R F0EE
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Figure 3. RL-ACGAN model network structure diagram
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Figure 4. Residual unit network structure diagram
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2.3.2. #EANIZK

RL-ACGAN AL I ZR 7 A TN GRA SE BRI ZRP B B CETRIZRIT B, X 28 Tl 25 10 WX,
575 340 ) 4 5 T ST L A 0 BURBUE T IX 43 BE 0, NI I RS B R I Sl AR . 7ESERRIIZRRN B, {8
RMSProp fLAt 2 BB 28 S48, IR A s 5 R0 38 57 S R B D 0.0002, fIFEAREEE N 64. H
WNGRE R E LA 2 NP

Q) B AR T A 2 [R] PR BE AT 7 e ST 5 B SIBROHR A0 AT IR DG &R A Jaty A AH LB 2 1 — LA
AREHE S SRR AN A28 o SR VR A B AT VIR, R SR A R R AE, IR A
RMSProp i A4, 5 57 I 26 5 44

b) 4H T EE U ZREE S, DRAREH 500 265 20 1) D9 28 AL AN AR, B A s I 2% 451 2R AR, R RMSProp
HRA 35 B 37 A= A 1) I 4% S 4

E—NENGE ARG, BT BE I, BRI IA BG5S A s A2 B #oE vT Lo
7R EAR A, IR NIRBE 5 S BB AT 4 4 S

3. IMEZRS
3.1 BUEHEI S A E

SRR T 462t H A B8 75 A W] ) TAST400 S5 YRR R G R ST R T 1T . JBHH W A
h 2 TR . Sty BRIl FLAFIh . FATTI . RAERI . A -G SRR E Y SEIR R o R
BWE B S — M RAAL G, Rt = AR A o o T RUAOR AR 24 R s A P 16], A%
LR ZE G SO A LA B A IR i 5 ARSI A ) 1 — MRS A s —— bt . At m Y
JRERARL, - ERE Y, BERANER PVC MR = ENE R AR, SRR K2
ESEARR AP R, RS A R T RE RS SRE, Ee s BN Ay 128
ps, ABFEIEEBCN 1.9 THz. SRJER AL SE N EE G b JF [ s 7R SR b, AR AORR 24 RE 6 2 ELEUH L
FEACHLy, RSO A OGS B . BERE S E =R A FRIRRESS N, 2 RlIE 60 258, SAEUEN
YEMT L 6550, —ILMAFILIGHAE 1260 4%, & 1 B4 1 SEIRPTRR FORRIUARE RS, 8 i A LI 4% .

Table 1. Experimental samples, covers and containers
F 1 ZLUHR. BEVSER

Ff 75%5 K% i EEYEERli LA FAT A A i
B it B &
ks — RN IR AR
K b 4 M+ — VIR KR B + — MR B+ — MR
Fr%E 0 1 2 3 4 5 6

FEOCTE R AL RE h, RGEAS B LUK 2 1 KU KBS S 2 7 A BE LR A5 T IR LSR5 5
PRI, S B0re P A e ZE A vl A AT B K i /MBI — A R0 B S RS i A5 5 AT AR B, L DB P R 1y
HAa i Fsett, MRS . tHE AR AK(T). 2@ w. A7) T o RoRFEA LR
Wbz, u BRI . A(@)F: x LR ARFEAE; max RonFEATKME; min LortEA
BAME. a2 )5 AR BN JRUG AR 25 SO 1 B 4R

y=(x-u)/o @
X—min

Xnormalization = - (8)
max—min
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3.2. EAE)IZk

FEA /N R R AR KA 2% B SO R R 4R 3 TN ACGAN Al RL-ACGAN  HEATXT EGitES,  DALISHIE
RL-ACGAN #5704 A= i (1 45t B el & tH SEBR B 704 . ACGAN 2% AL S AIH I 2551605 6 AN AR
B, BAGHUZSRA LeakyReLU RS REL, H3410 Dropout 2RI A . [ 5 W2 MBI
5y RAT L ik, H AT ABE A VIR BIEAR, 2 BT 43 S0 R B R AR At T B IR AR AR
€, {H ACGAN AU 73 A4 R AL RL-ACGAN FERL N B BE et Lk A, Ui B 5 NIRZE M 28 AT LSTM
FITRESPE iR WS I RFIESRILEE /7, T 2880% . ] 6 FiR IR AR o R ER R 1AL ih 28, B 2
7~ RL-ACGAN #5873 ke BT e HUahiEE /N, 3] RL-ACGAN BB ZRfa e vt . 141 7 4
& 2 AMEAL Wasserstein #HES 1210 T 2L,  HHEAT W, RL-ACGAN #4411 Wasserstein #F 55— ELLEJR/),
AFREAE 0.25 T HikahiE RN, ACGAN YY) Wasserstein FHES /i K5, & FaErE 0.6
I HIEBMREEBOR, $iEH RL-ACGAN AL AE B3 A B0 5 S SE AR B st e 2506 BT e A i T
73, RL-ACGAN AL RAS B 4 [ b o) FLSAEAR I 2 R AR ERRE, AT AE B i AR EAR .

RESESIZ

4 JRACGAN
1.2 —— B #HACGAN

k(B

eSS
o
o)}

o T
0 200 400 600 800 1000

WK HA

Figure 5. Classification loss comparison
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Figure 6. Classification accuracy comparison
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1.754 ——FACGAN
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Figure 7. Wasserstein distance comparison
[&] 7. Wasserstein fE S xTEE

3.3. 1REPEG

Xof eI 8] P 51, 38 A L LR 25 (ED). H7 /R b A 2% R AL (PCC) A Kullback-Leibler (K-L)#L
FEAERVENARAR, PPl AR B 208 5 S A 500 < TR AR L . ED 7R AL s 5 A 500 < IR) R BE 9,
HEGRMAROQ)FIR, R x, v wFEARM. PCC H T &M AFEA NG 2 [0 LR A e, 50
KRAR@AOFR, R X, Y FRRFEARE, X, Y RREATHIE, K-L BT s
Z A2, HEAXMARXAD R, b p, g RRFERDAN, x LREARE. TN ER, B
PIVPAL TAE U«

a) THESFIR LG A E AR T

b) TG F A SR TSI ED. PCC f K-L 84, 40 HlH ED. PCC Il K-L #EE 1)~ SIMEAF N
LR dRid N Cl;

) THEBAUT 5 5T ED. PCC A K-L #%, Z3r7lH ED. PCC Ml K-L #UE - 3MEE N
R AAEPRICA FL;

d) Wi Cl 5 FI, Wi ZRB/N, RFEGTH15 4 BT 5L B s

CMP RIS RE R S 2 EIRVEAE AP ER, B A B 2R/ RL-ACGAN. ACGAN Fl1 Mixup 75
EH A BT B B E VPR S R e 2. 4 3. K 4 Fin. 4% 2 1 FI ) PCC {H47E 0.8 B L, 3% 3.
A4 FI ) PCCEALT 0.7 2] 0.8 2 (8], HUILAITF, AT ACGAN HI Mixup, RL-ACGAN A i) £ 4%
5 A H R AR AR B 58

ED = gufyf )
(X, -X)(%,-Y)
r= n'=1 - . (10)
Jz X, - X) \/;(Y, _7)
D (p11a) =Y. p(x)-(10g p()~loga(x)) )

Il
LN
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Table 2. Quantitative evaluation of RL-ACGAN generated sequences
% 2. RL-ACGAN 4 B F5IRI E EiTME

FF i Ei=1 7 ED PCC K-Ldivergence
Cl 5.52 1.00 5.69
75%1 K%
Fl 8.35 0.8271 8.83
Cl 5.76 1.00 5.63
ool
Fl 6.20 0.8655 6.03
Cl 6.04 1.00 6.55
£ FH
Fl 6.36 0.8517 6.08
- Cl 4.62 1.00 341
FLAM
Fl 8.05 0.8569 7.49
Cl 6.36 1.00 6.28
FATS I
Fl 4.36 0.8816 4.56
Cl 5.86 1.00 5.71
FATF I
Fl 7.97 0.8252 7.60
) (¢]] 6.15 1.00 6.42
9% %
Fl 4.69 0.8951 3.76
Table 3. Quantitative evaluation of ACGAN-generated sequences
2 3. ACGAN £ R FFIRI E 21Tk
FF i fabr ED PCC K-Ldivergence
Cl 5.62 1.00 6.37
75%1 K%
Fl 6.39 0.8092 5.49
Cl 6.38 1.00 6.30
sl
Fl 6.17 0.7992 6.76
Cl 4.73 1.00 4.93
£ FH
Fl 6.18 0.8152 5.32
B Cl 6.51 1.00 6.42
FLAF I
Fl 7.19 0.7877 7.88
Cl 6.80 1.00 7.66
FATS I
Fl 8.80 0.7853 8.67
(¢]] 8.55 1.00 7.55
FAT I
Fl 8.15 0.7519 7.74
) (¢]] 8.07 1.00 8.16
9% %
Fl 6.47 0.7774 6.02
DOI: 10.12677/csa.2022.123065 650 TR 5 R H


https://doi.org/10.12677/csa.2022.123065

BAE

Table 4. Quantitative evaluation of Mixup-generated sequences
%= 4. Mixup % B FFIH EE1TE

FF i fabr ED PCC K-Ldivergence
(o] 9.04 1.00 8.28
75%3
Fl 7.49 0.7867 8.42
(o] 10.09 1.00 9.36
i

FI 5.69 0.7774 5.07
Cl 7.78 1.00 6.86

£ H 3
FI 12.04 0.7289 12.82
) cl 9.12 1.00 9.67

FLAF I
Fl 7.63 0.7623 6.96
Cl 7.51 1.00 7.46

AT J
Fl 6.28 0.7995 6.62
Cl 6.06 1.00 6.91

A7
Fl 8.83 0.7848 9.25
) Cl 5.62 1.00 5.45

e i il
Fl 7.66 0.8126 7.91

3.4. BUEHEER LA

G BT Lh 9256 1% F Mixup. ACGAN Al RL-ACGAN X J5 45 Ak 24 el i Bl 42 b7 9 78, I
53l ResNet. CNN. FCN Al MLP JR %% 3] 7 AR ARLBEAT IR . 0 EESREG AR T, 1 564 R ih 4
&5 A%\ Mixup. ACGAN 1 RL-ACGAN, KFEAY 78 3780 4, TR Mixup A didi 4. ACGAN 4
RS RL-ACGAN AR AL, SRIER EMEIRE 2 S ik 3 AN A s 2R & TE B Mixup 47
7 EHESE . ACGAN ¥ e B 4 Al RL-ACGAN ¥ e84, /el 7 /NECE4E 70 A PR ON TR 2 5 4 R
AT TR, SRIRAE R 5 s, B 8 LEETERT 4 MNREF I R EIE S IR R AR &

JREE S DAL se s B BT 2 72 FE FERT EE

Table 5. Comparison of the average classification accuracy of the four classification algorithms

5. 4 M KBERN TN IR ERIEE

A€/ ARG ResNet CNN FCN MLP
SR %R 89.88% 96.66% 85.83% 93.33%
Mixup A= 4 £ 87.99% 95.48% 84.67% 92.87%
Mixup ¥~ e £ 5 90.24% 96.97% 85.89% 93.37%
ACGAN 4 il 4 88.51% 95.90% 85.16% 93.02%
ACGAN ¥ 74 90.51% 97.31% 86.12% 93.95%
RL-ACGAN 4: BB £ 89.92% 96.60% 85.87% 93.32%
RL-ACGAN ¥ Z$iE4 91.28% 98.29% 86.79% 94.40%
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Figure 8. Comparison of the average classification accuracy of the four classification algorithms

B 8. 4 MY XREEM TS LB E I LLE

H17¢ 5 ATAIAA] RL-ACGAN LR A e ) el 2 5 SR 4 B SR 77 4 Fh 7y 855000 b IR B A — B, 1
W] RL_ACGAN A4 8t 5 H 2 SR A G e e (R, 3 7e Sl B (170 JHE BE w1 I
B de g it g, UHIAE VIR B e R IR OL T, BRI RIERESE4F o 25 EFT1S, RL-ACGAN #i A
BERE X0 SR 4R AR 26 8O TE B SR AT A 28 78, BRI e A A R (1 1) At

4, &5ig

B R R 2 B 350 1 A S PR e 5 BUPE R B 2 2 o R BRI AR AN R e, 3R AT
ResNet A1 LSTM ()% B 73 288 42 O T 19X 28 55 R 2% I 3300 1 B ik A7 38 0, 1207 il 2 AR s ol N
B 2= LR e A B B, AE IR S i\ LSTM B G HE s R (g 0 il B Fg o o B S236:48 F Mixup.
ACGAN F1 RL-ACGAN 7351155 L 5 BRI B R 24 I S80 TE A0a AT 38 0, FRRIN 4 FRRBES ) 702
ST X LA b, 25 SRR A RL-ACGAN 58 20 eie 38 DRI RE A A A2 51 e AR 2 S A 2R 5 0
B, 4 Fh oy ALY 78 K S b RIS B R A R A T4 T 1.265%

E&UH

TMPATL 3% N A B WA A2 i K sl A A FE A8 55 05155 (2020B15151200010) ;3 — AU BE Tl L2 AWER
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