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Abstract

Aiming at the challenges of low detection accuracy and efficiency in train driver abnormal beha-

CEFIH: ARmfh BETEEE A R LR AT IR0 TSR S, 2024, 14(7): 42-50.
DOI: 10.12677/csa.2024.147162


https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2024.147162
https://doi.org/10.12677/csa.2024.147162
https://www.hanspub.org/

vior detection, this study proposes a model based on skeleton data, named Spatiotemporal Graph
Attention and Multi-Time Scale Temporal Convolutional Network (ST-GAT), built upon the Spatial
Temporal Graph Convolutional Network (ST-GCN) behavior detection model. By leveraging skele-
ton data for modeling, the model introduces a Graph Attention Network (GAT) module with a dy-
namic attention mechanism to enhance the ST-GCN model’s extraction of spatial features. Addi-
tionally, the model incorporates a Multi-Scale Temporal Convolutional Network (MS-TCN) module
to extract temporal features at different scales, addressing the flexibility and scale limitations of
the Temporal Convolutional Network (TCN) module in ST-GCN. To improve training efficiency, the
model adopts the cross-entropy loss function to expedite convergence. Experimental results
demonstrate an 8.8% improvement in accuracy and a 2% increase in FLOPS on the test set com-
pared to the ST-GCN model. Therefore, the proposed method exhibits favorable performance in
enhancing both the accuracy and efficiency of abnormal behavior detection.
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Figure 1. ST-GCN network architecture
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3. BT ST-GAT WHIERNREIT RHE MRS
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Figure 2. Train driver abnormal behavior detection model based on ST-GAT
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RS, E FOR RN A B R T B AR . SN ARV = (v t=L T i =1, N, Jodty, FORE L
LI KAT . W E RMPAN TR, BT E, BRI ARAST A R, FoR N
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3.2. GAT &k

e W AT RN T 9238 5 SR [ 5 A T AUHEAT R R AR SR I, 3 A TR 70 F2 9 AN [R5 2 M) Y
AME R[], [, SEPRE RN A 2 REROE IR L SR AEME 7S, 0f B SR i eI P T 90 [22]
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RUVRFESE I, HBh A SR ML AR Y B SR e AN A9 sl 2 IRV s () 6 &, A Bl T S v R 1 2
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Figure 3. GAT module
[E 3. GAT 11k

GAT Bty @i FE W F -
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FAT, B (A RUEE TCN B SZ B R/l 3 — B UL IR DA Z BRI E ), S BUR 2
B AN RIE[10], M LASERAS R [ RO T 94T Al e O 1 i RX AN R, 51N MS-TCN A, ik
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Figure 4. MS-TCN module
4. MS-TCN #5k

TRBZAIRPINT TN X, Xy, X > Fod T RFFKE, x AR ZIt AR &, FHEZESM,
B x B REN S ERE, SEHWE Yy, . RENTERENTTETRRA:
Yo =%+ F (%) (5)
Kk BEBRZIIKRAD,  F RINGIREANE LR %L
IR EE R x R F (X ) BOIVEERAE, SCBL 7 7EOR B R G5 N B [RIN 51N E 2 (1 E 2
PERFAE o X P S5 7 IR J2 WX 458 oA Bl T80 SRR TC SR RH 22 A PS5 O 1) A, AT $R FHAR BN 2R R0R . 1%
P BB B THETS MS-TCN B8 5 A I HWERARAT ARSI, $-TF TR 75 B IR IA B

3.4. KEHEA

ST-GCN W25 1A K H] Huber #5125 B, A2 2E I ZRIE RS 7 AN BUSAI SI0H 218 178 . Huber 4512k
BRSO AR A T N B SEAE 2 (R R 22 57, SR BET 7 iR 2500 R 2 M R 22, RS T e b P %o 5 (N
ERHE, HIE S BAES5[26]. BT 5104 R AL 8 AT AR 2 R A 55, B2 1 it 2 S0 IO 40 A
Huber 47 2 ek B = 6 E 2 70 A0 (G RE, I ELILBE FEARX P, SEONZRE BRI [27]. ARAEIR AT 5%
FAIFNAGE Ry M2 A1, A FH 28 SUB TR R BB A6 0 AT 55 75 5K [28]. 34k, BT AT Ibn%E
SE A= T R R [29], 28 X4 2% bR AU AR A B E AR B, FE R A1 A% R BN A5 B8 7 (0 Hofs P32 A
RE % S R IS SRR SE R B e AR SRR 22 SO K% bR B s 0 F

Loss=-)" p(i)log(q(i)) (6)

Kb i FRRAIEE] p(i) RIBREA | BRI IO GER N 0 B 1), q(i) B BUKHA i
ORE A HOMES . M M5 BR BT BRI S A 23 S0 OO MG 235 2 I 5 S, AT
B 8 B3 7 45 4 A 5

4. KWHERS 7

4.1 EXWESRIEE

SIS 6 K H 2~ NVIDIA GeForce RTX 3060, Ab#E#% 4 i7-9700k, P47 16GB, f#iH GPU
Nk .
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1 H R B SRR, N AR 2 i ) ) = 25 Rz — o AR SEI8 A T Ak 1 B A i TR
Labelimg, i A WAL ERAEXT B R AR & WL W 2 R T AR, B3R 10 MRENLHE L — iR, 3k
HFriC 20,000 KA RS, FRilE i B SMETHFER HRNet-W32 SREUE 2880 . A ORI 25, Kibr
TELFI B RS 1) T0%1E NIZREE, 30%1E Il 4E .

4.2. NSRATERRMRLIEN L
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55, I P 5(a) FIHERFR IS &S, FEIEAREHA ] 70,000 KJm, HERFRIEF] 1 IE(H 0.982, X —45
SRR UPIAE 221 R W8I 255 RENS A ROM RN 2 S B AN Bl RORSAE . Lok, JERL & 5(b)Hh A2k R 4
IEACHEZe 70 AT, 432K bR B 35 3R WA R AR I R 2 rpoZ /N B 2 72, o e RAsAE D 2 ST 4
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Figure 5. Training iteration curve chart

B 5. IRk
4.3. SKBtEREHRARS AT
N T BN A SRR (P B, SR FHHERf 2 55 FLOPs JEA7 X FL S8 43 #r o S T FL 25 ANk 1 s

Table 1. Comparison of detection indicators for abnormal behavior of train drivers under different methods
= 1. FRIFAETHERNSEITAKRMIEFRITEL

YRz FLOPS HER 2 1%
SCHR[16] 3.37 83.48
SCHR[19] 5.97 85.36
ST-GCN 16.20 89.47
KL 16.52 98.27

HHE 1] I, SCRR[16] A9 FLOPS FMERA KA AR, B R 7 vk B TR 46 52715 s AL ARdi A CNN
BEATRR BT o 1K Folt b 7 QA S FE I 2345 S8 TH R B, Toik A R e 28 77 51 A i B it 25 2R &R
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PR A BAR. 735h, SCER[19] 77V BARTE FLOPS blg &, AH BT AN & 427 51 EAT 78 70 Ab 2
AR A, DR AR A FR A N 2 SR R AT AE —3€ IR AL - AHELZ R, ST-GCN ARSI 1 2
I 2 AT EE A S AR, AT SCRR[16] A SCHR[19],  RE s 5 A i ol B2 1 2P 21 B 2 (5
Kk, ST-GCN f£ FLOPS FlvERf % EH#ENMS R Z 52T, (iR 1 F 0 2 R @ AT I 22 B AR 3 vk
DU RE IR FE R o T A ST A HERR 3R FLOPS # i T HiAts 3 Rk, 10 R DR B = L g
Iy JH SRR R ) A 1) (5 L [RI R A R AR R /N TCN 25 38 8 Rtk A [ e T RUBE 1 LA B A
R, PR TRETIRIMER R . Oy Tt D IR R R A B, ARSI R XU B, FEOREF
R AR RN, 3R 7B FLOPS.

4.4. {EBGHREASCIE

NS A ST VR GAT A, MS-TCN 55 DL R A0 AH 357 2k bR 55 5 et a6 S 47 G DA
RVERESETHIMER, SRRSO ATI0E, I8 7 SR AT ISR DA SRR, R HE R R A A
Wrfabr, WUFFEAKME. FrA T B SEIE Y R HAE R SEERFAES, I DU A BE £ g7 I Zh 5t 79
RRSEIG W 2 Fis o

THRALSEIG B, 76 ST-GCN J:fili 15| N GAT i f5, ik [ & 1B A58 7 & 05T sl M2 AlfE
BISEERE T, 1 AR HERT 28 tH 89.60%%& T+ % 94.65%; F55] A MS-TCN sk, KA (1)/83Z7
B, S AN )R RREAS SRR AR 77, AR 2R B 94.650% 4 T 21 96.91%:; fE I Zhid fE ik £
FEIE B o AT 45 1028 SO R R BB AT AR AL, e SO A AL (M HE R P2 TH 3 98.27% . A SC U7 VA b T A
ST-GCN W £ 1A P35 HERf 22452 T T 8.8%.

Table 2. Ablation experiment
= 2. iHRLSCIG

FEAERTY GAT it MS-TCN i B E RN HERZR 1%
R 89.60
R R 94.65
R R R 96.91
R R R v 98.27
5. &RiF
X B R B 5 R B LR AT R I R A LA I M A 2R DL R SR A TR, A SCHR e T — gk
T B BRI A RN R AT RN 7. ASCHERIR S . A SIS, A B EdE

5, SEAFERAR A AR LR R AT NI R AR R AN 8224k, fE ST-GCN fUZEAL 1, SI GAT ik, %
Tt MS-TCN BB DL K AL B 2K R B, 32 m B A R AE A SR AR I R . M T ST-GCN B, ATy
FAEMER R LIS TR E IR, SRE TR RIAR] T 98.27%, [AIF FLOPS #iEf 1 2%. KR4S
BB ASCTHERES A RO FN E RN 2R H AT, BTG BFHL WK, 5 AR
WS AT N, RABIFIERE. RORMWEFOR it — D i AR R G FIVE I, R a5 & J At A TR s Hodi it
AT AT B HAT R AN T, 2RISR IB AT I 7 Atk
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