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Abstract

The monitoring of train driver behavior is crucial for enhancing safety and reducing traffic
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accidents in intelligent transportation systems. This study proposes a hand gesture behavior detec-
tion method for train drivers during operation, which combines deep learning with Mediapipe tech-
nology. The focus of the research is to improve the detection accuracy and real-time performance
of hand gestures, especially in complex environments. The study first uses the ResNet50 convolu-
tional neural network (CNN) to train a dataset of train cockpit images, completing the classification
task of palm gestures and finger gestures. By training on different gesture types, the model suc-
cessfully achieved an accuracy rate exceeding 85%, validating the effectiveness of deep learning
in such behavior recognition tasks. Additionally, the research employs the Mediapipe framework
for real-time hand keypoint detection and posture estimation, analyzing the hand gesture behav-
iors of smart track drivers based on dynamic video data. The method, which incorporates the geo-
metric relationships between keypoints, achieved an accuracy rate of 90%, enabling efficient be-
havior recognition in dynamic driving environments. The novelty of this study lies in the integra-
tion of deep learning’s feature extraction capabilities with Mediapipe’s real-time skeletal point de-
tection, optimizing the detection accuracy and environmental adaptability of hand gestures. Ex-
perimental validation shows that the proposed detection method can operate stably in complex
environments, demonstrating significant real-time performance and robustness. This provides a
new technical pathway for driver behavior monitoring in intelligent transportation systems, with
substantial application value, particularly in enhancing the safety and interaction efficiency of in-
telligent cockpits.
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Z5(RNN). CNN REW MEHE B ShFEHURRAE, B2 A7 R A RoRs 52, 1 RNIN SR B3 250808 1) Ak 222
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Mediapipe 7& Google ¥ —Fh = 2051 G THEAESE, T2 N TRB&hTH. T3 R
R 54008, G T S i B AN AR AT 434181 Mediapipe F v 2501 AN 5 2 e ful L e ol it N Qs 2%
HIES By (1) BRAE R B . 45 G IR 2 2% 2] Fl Mediapipe 2R, BB W 2 52 AT Juer il () HERFA MEAN S, G
TEZAEF R, R T HaR KN /).

SR B2 2] Fl Mediapipe BEARFEAT A SIS | 2 ke, 3THIIG —Le bk, B2k, IR
RS T 7 2K 5 A AR B AN T S BT, XA SERR N AT RERCONIRAN[9]. Fk, H AR 28
TR T AT R, SR X R R AT R I IR AR [10]. el R AE S 2 A
AT HOR B 27 2 Fl Mediapipe 45 77 12473 T Wik 11 BE AN AR g AP 50 3d 2 44 22 55 1r) [ 11 ]

AT T2 H b e 4 m 41 4 mI LT AT AR SR PR rh R RS EE RSN P . BAROR UG, BIFFURE
SEEIREE S 2)HI Mediapipe PIANASFFIHIRT7 58, IRERUNATE S R BRER IR BT h BEAT i A, HERA ) T LLAT
paRlaViIp

B, MR S5, W ERNU T AT O h S OB R, IR mibng . ok, RH
Mediapipe ¥ ARBEAT SEIS A THAIT-FR 50, B IR RGNS E JIAE T AR e YA = 2o

ZMF T BRT 2 AL AE T

SEATRIE 2% 2] F1 Mediapipe FEAR: G0 LE 5 AR5, SEILTFE LUAT o ) s R

IEEESVEIAG : REAET 0 AR MBNAEIEL, DA IAT J7 iR i S ARG E 1

WX AR T, A B AE N BRI S A S U R E SR ABLE], SR TR BRI AT I 22 4t
M

2. FHATARMERESERNA
2.1. FHATHENEZ L B S Bk

2.1.1. FHATHBREX S5

FHAT RSN S FARAE R Ol I 5 1 T s i, fLidfE B el 5 A, TAEA ST
P — R S E T RIS, JCHRAER S RELIHBL T RIAET, FHATNENE
BEEES, DR 2R RS WS R TS, MEBIRLAR 6], RINLTLLAT ] DU iEsh
VEJT [ 2 R T B R A T L, R T B fal W A T 4 ia . Grahsly A I 67, HhA T
PUi H R R Bl I e R G T .

2.1.2. fREGRAMF5ENT B

FEG I F AT AR DN 7 7245 A FLAR A AR PR . AR VT IC 75 vk T B B, (EUN 5 2% 7 ORI 8 34 AR
PIE R ZE[12]; REAE SR 7V B 3 N — I AR A, AFURERS FE A S P SRR [ 13 183 4
W LB A B BN S A EE T T LUAT , (AEE R 50h B 5 KA RA[14]: HLEFE I T ERRAEAR
SRR RE F7, AH T B KA bR TR B0 H HH0RS 41 0 R AE SR B[ 15] 0 BB 5 TR B 2% >0 R B8 S i3 1) - SR
WHARMAW KR, XGRS E NG, RIGHEIEEAA, CHRTHT LhAT JoRa Il i i w
PEFIRLZ[16].

2.2. FEATARIRIZER

2.2.1. HARIZED S FHESE
P T DA (1 A R HE SR
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Figure 1. Overall framework of the detection process
1L MR R S AESE

2.2.2. XERARSHK

FIALTF LEAT ARl i) DG S s AR AL A 1 B8 r B . RS BURIAT il . Forb, B 28 SR ECRI A TR
(41 Mediapipe F1 OpenPose) M FIAZ BAR AT il 2T 358 S 8 a5 5 RRAE $2 B 1 4 AR 28 X 4% (CNIN) 3R L 25 (1]
FHIE, FEAEATEHPHZA 25 (RNN)EL Transformer fHEIS [AIRFAE; AT IR i 43 AR 0 W = LL Bh /R 2
AL, [E) I SRR SR AN AR 5522 2] o SR, AU IR AR B . BTt ) S
RS P11 DA S AR S VAN R SBR[ 17 ] AR @ A i 2 FEAL B 4 L DA R vt A T 3R B i
R SRt — P HEBN R FH 18]

3. BT REFININERNZFEAT RGN
3.0. BRARNEE

IR LT AT N T, B 2R AR E % 0Tk, B Rl P 9 IR0 R LA 3R
RER BTN AR, TRPE S I BORTE B 3 i SR IO N S 7 R ke, U R R IR
XA FEIHUAT SR SRR b, B B SR
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B AR PR U VA T R B A 22 N 25 (DNN) | B AR F 42 I 28 (CNIN) L S — B85 [T [ AR S A7 T
H, 11 OpenPose fl MediaPipe, LI ARSI PIAEAEREHE . #1140, OpenPose i#id % E BN AT A
PRI BRI, BRSO SR U FIE R HLTF LhAT O OB B 2L p, N SR HIAT A B R R A =2
R IZHORTE md S ST T RFE =R, RERIN B AT L8l . MediaPipe 14 Google J1 /& [ SL i
ZRSHESE, MDA TR A SRR R A B, R R A R A IR Y, B SN Y A M A
PANISEE S, IRES R 221

BAR AR IOAAE — RO RS . TACEE . ST RN 5 L AT A . RSN ZERINLTLUAT N
AT, B S A FE AR AR R A SRR AL SE I A, 2ot BUE TilAb B f5 , TR IR S 5 ST B,
U1 OpenPose B, MediaPipe, $EHNMRIIE 4L i o $EHH B 22 s 3l 45 8 5« B30 i S 1 2T 1,
A% S B S HLE) T EEAT [19]0 #2R 2K, @i Xy iX S B8 55 B i 7 B b AT 3 — 20 20 b, v UM R R
AT AHFIE, DAAIBTERAE 2 BT 6 2 2

N TP SR SR HORE BRI SR 1, W TEE AR T 2 MR . B, AR RIS
B (Gn LSTM) R Ah - B8 5 (R ] 18] A0 K08, e Bae m e ol . SRR N ROAIIRG FE o b4, A
FEBI R A E NS R AR B GAT A, REWEHR T G AL BERE 7y, MIMERERTES ZEisiT i R, FLHAT
R A FNHR A BE % S ) 5E B [20]

3.2. BUEERECE

B 18 55 TR RE 2 1 AR 4 A AR 32 A RE 0 AT R K s B e ) B BT B AR AR RINL T AT
NIRRT, B SR BT B 2 R K o A AU AR 2 T S MR AR TS R
BR, Ha s A DREY = & BRI 2 REE, EREIRTHE R BB AR I . B4 s BOR 152
fiti, EAEFEAY T8 Bl A

3.2.1. &Y 7

BEAY 70 R HAR SR (A% 00 ik 22—, e DA B AR e A ORI, N BE I R
W ILEIREARY 78 7 i RS R e . B 8T PR RIS o 1K S AR I T SR g o,
o an e s 18] Fe 50 2R 55cd v, R B SR A S TR B 8025 FR) B 2R s B, TGS TS B o Bl 54T
NIHERESI[21].

BBA, Az ot T 45 (GAN) S R AR B P FAREAY 70, 38 2E OB 08 48 s it , i — D5
Y. BN, TorchlO HEZLFRLL T 5t K MIAHEY FE MURAE IR, (13 M0AL R0 T i Rt P & 7R 5, i
AR R [22]

3.2.2. HEEA—&

B A — A2 e S B R e ) B IR . B 48 AR A A A B AR A [R) e 2145 R, i e — Ak
AEFE, BT DLKEAS [FE R R o9 G — RS, AT B I b i BUE W 22 (23] Bil4n, 7€ 3D
B, WIS AR ST RUAR PR R 30 [ E Y, BE A ek DR B RURE 22 S SR IS Y 1 R R
][ 24].

3.2.3. BRARIEEEROER

B R B I SR AE AR T B A TR BT 1 1 RE RN PR R T TR 2 . DA S B 4 iR ok O AL AA
RHOR

1) RTHEAZ AL fE
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FEARY A — A H ARG RIS G 0 R, $ m A B0 A DA (0 Tl R /g . ol ZEXT i
SBIENVERTIAT S i, R RO 2% 2] 4 6 W 50 J A R ms ,  mT DASE s AE B0 A i 0 103 S e T
F PR THBAAE S R A S T (R R I 25]
2) HESRAR AN AT N T R

HRSHIEA S FEE M ELR, B R AEE T RAE R, BB N B AT
(R AR o BT, I R B 5 SO AR AL B R 5 e SR ST (R 410, T DA e A B T AT e i
S, TR S R

3) MR B A 1 2 IR

TERAEARERAIE O T, BERG T LA AR &, PRSI /INEAR SR s, wan, e
AR RO BT R 285 A2 RIS B 28 SRR, Re S I SRR R AR /N B A LS IR T, RFEX B E RN AT
NI RS FE 23]

33 REF TREGH
ERBE 5 ST B 2 SE I AR AR SR DU 20 2R I S AT A8 R I HUAT R S 00, & e #
5B BA N, AR SR GAURE B or IS, 2 4R e L HE B P R 5 A R ) O B o

3.3.1. ERRMIEF ST

BUARIR B 2 SRR 2R 48 22 LB R A 245 (CNN). YOLO (You Only Look Once)f Transformer
Wy o PSRBT WA A AT 25 R 0BT, DASEII 8RR AE SR BRI 202 B8 )

1) YOLO Z2#y

YOLO &Pty 2oty (1) H AR IR AL, 2 25 a2 H AT 45 (A0 A Bk el U5 il ), RE BB 7E
PRAEAS AR P52 (1 5] Bof 58 35 2 e SE R PR R [26] . EHRT 2R BB B 42 R HLAT AL, YOLO 3@ 3d DarkNet
BT PSR Z REERE, H4A MR 28 52 s B AR R0 . Bbsh, XT30S 17 A% S, Tl
Transformer AL DA 58 4= 7y N SCHURRE S1[27].

2) CNN 22

CNN 2R 5 T 32 B R AE SR BT R, HE IR S5 K e 0% M UGB Hh 5 U ZORT = SRR AE
TEFVE RN FHRFESH, BFEE CNN 28R40 MobileNet) i] LARRR TR 24, AR CR B3 s i
RS BE[28]0 BbAh, I OB, WL PR AR B R S R IR I

3) Transformer 2244

Transformer ZLFIUT K4 51 N2 H PRSI T R B4, DA AR VLI SCEL T A R R fE A
(I # . ViT-YOLO ¥ Vision Transformer #t N\ YOLO HE4E, @it % Sk AVE R IS8 2447 Ak,
FEENASIRET N LRI SRR BIRE /7. AL, 454 CNN R B AR EAE /1, TERUR SR — i E
T oy dtke.
3.3.2. FHERE, 2[R RMILRRE

1) FRAEHEEL

FRAE BRI R 2 ) BB S A 0 oy, HE B e TR R B RE FEANZ Ak BE 1. YOLO @it
2 RPERERL G J57%, TR KR ST B bR R BFAf Ot /N B AR P 268 73[29] 10 Transformer @it H ¥
BN AR LR UER, #—PRIHRHER IR, & T R ASAT I R ZRE S o

2) SR

Or AR FFAE PR IS A% 0T 55 - 03 YOLO [ 228 i@ i 51 N 452K bR B Ak (2 2545 2R ToU

1}
S
ki
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9%, 50 E 2 B AR X 5388 /1[30]. Transformer ik A 70 FA N I 22 Sk B v & 30 N0
(1) 2 45 BT IR, (75 7 R4 T BB Mk

3) fifb e

DA FEE A2 VR B SRR P R . BAE LU LA T T8I :

EZHOMEE: 454 Adam B SGD RALZS R #2221 2, B mrAR A S S FE R AR e 1 o

Hymsom 5 Nk GBS R iede . B SE) A IE 4k (Dropout. Batch Normalization) 5%, $&

THHUEZ e ft
BRACBE: W THARGRIT R RANES, LB R4 5 R B HOR, BB i3 5L
ARIE[31].

ZRAAME: SEWR. 5SS B RE, IR ARG
BUARIR B 2 SRS AL R 28 ) 22 DA R 25 (CNN). YOLO (You Only Look Once) . Transformer A
Wil o AGRD SRS AN IR AT 5 5 s B0 1T, DASEBI s RV R AAE SR RN 43 S5 A8 7

4. BT Mediapipe HE# RN EFELIT RN

BEE N LR REAITH AL S BOR 1R, Mediapipe LA i 24 B 42 sl SE ORI SE I Ab 3R BE 77, (£ T
RCIAAT 7 b b 3RAT) 2 R [32]. Z1 4 R LT EeAT Al v] LLIE R 45 & Mediapipe (9 28 R EUS IR
JE2 21 0 KA LB S, Il RGP S R e

4.1. BRRAENSHER X

4.1.1. Mediapipe B SN E AR

Mediapipe 1 FH 36T 27 5 B AR I 2%, 38 3k S+ 5 B% o (0 20 05 S B s RUA A Akt
H AR BG4 85 BRI DL JUART 20 7 VR T 0 - 3 i o 15 0, B 3E TR s ocit o,
JERL 2D 83D B X —ReME A B A R A A PR A T IR S

4.1.2. BMEDLJ[HRIT S
Mediapipe 35U 22 k5 B8 AT AR N SR L 572 2] 0 R A th b AT s AR R0 . 5 LI 70 688 B4
LSTM: & T [al e st , REvs @it 3 LAT NI s A RFIE[33].
CNN: H UM B R AR LTR AR, S T35 B A B 2KhE
Transformer: #id %k HIER NG LR LT XUEE, &M TERTH K34,
RBVOTHEL SN E RS, B S N IR 2% B8R 7 R A B TR RE

4.2. SERHEMS R

SIS R 31 25 B HLAT J9 W I A% 0 BESR . Mediapipe 385 42 B AL B AL S5 M FT GPU I R Sz Bl
20 AR SER AT [35]. BATR 2 UL A A Ak SR s -

B R4 580K . /b 280 DA B

PUR B L: SR AR T 2 2 .

AR E2 N R AT R A E .

TEARTHS BRI op, & O AR PR AR AL B2 oG8 . an, f#1H Tiny YOLO ¢ MobileNet %55 &1k,
W 28 AT AR iR N 3B A% b SE I s e . i3 — D AE SR AR FE T SL(FP16 M1 FP32) LA KA+ inis (41 NVIDIA
Jetson Nano) ] PAFE PRI BE ) [F] I BRI DIFE[36]
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5. IhASRS 5
5.1. SCHr¥E

5.1.1. BIEE 1| ETREFEINFERNFLLITABES)

S0 HHE AR R T 2017~2020 AFEHE 1 42 3 s 0 s s A AR, AR IR SIS i PRI 9564 TR BUEAE
NVIGEEAESE, it N Tk, HeRE i, SR G, E8 T H AP0 500 kEGIE A KRR
FIRESE, HARimFE 163 5k, Y FLL 123 5k, K£FH 314 5k, w10 T & 2~4:

(=

.

ISB
F-{ T R11405 S HXD3C0809 -~

Figure 2. Horizontal hand gesture

2. t&[EFEE

17.12

IS8

Figure 3. Vertical hand gesture
3. YEFLE

17.12

10 K140 % FHXD3C080

Figure 4. Unmeasured gesture

& 4. KFLE

5.1.2. BIBE 2 (ET Mediapipe WFERNFLLITHBURE)
TRAE B SR 2 BT TG 225, BRI T 1090 5k EE, & N Tikik)s, 43

DOI: 10.12677/csa.2025.154114 423 THENUR S 5 R H


https://doi.org/10.12677/csa.2025.154114

w5

B 449 KBRS EIG, 2NNTRN BBRR A FIEFH . BFRIHE. WF KRR RF
b BT, AT FH. AT 9 MEul. M, A AT FHEFEHEINMIL, *TH
A, BT EBEGRIR IR RVEEHE T A 5. K 6:

Figure 5. Left-hand gesture
5. ¥k

Figure 6. Right-hand gesture
6. AFLL

5.2. BT REFIHSLEOH

5.2.1. SEIGFfEE

AU 7R Windows64 17 I THENLERME R4, CPU SKH i5-12400F, GPU K] NVIDIA GeForce
RTX 1650, HA 4GB &17, AL PyTorch2.0 NHELL, Python3.9 Agmi¥iAsE, f#H Cudall.7.1 i
AT IR INIE -

5.2.2. BUETALIEE TR
PG S 4. ] OpenCV B 4G KIMG, Hifoy RGB #4350, FE4t—H%E R 224 x 224 IR~
I AIRE: FIF MediaPipe Pose #H 2 BUAE 5K & A i O NARB 8% o< B A

Keypoints :{(XPYI’ZI)’(XZ’YZ’ZZ)"”’(Xn’YH’Zn )}

Hor, (x,,y;,2) 2 NER P SRICE FAEAS OB 00 B T = A Akbs, JLARIL 33 AOCHE . FESRICE A4
breh, AUEE ZGEAbR, EHE TIRE (z—axis), BT BT FHUI. RN, 97 86k
B R AR SZ BB ARSI, SR ARFRBEAT T AR HEALALBE, AR OB U ARARAE O 21 1 22 18]
X E SRR ER TG, T IRIER A —BHRIR, B AT R SR T, SRRSO
NGk BAE AT
K :Pad((K,target_size:(33,3)))
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o, KR M BRI B 4 SRR O AR A [n,3] . 36rh n RSERRIRECRI B 4 SO0R), K R4
HAGIEAE, A K/ANA 33 AN SCH A (AN B AU =M 6h5), BN (33,3), AIMTHA RSN
FEAR)BA 99 4E(33 M oRBE A x 3 MUARIE).

5.2.3. iEEEEAR
N T IGERAE Rz A RE 7T, SR T AR LR O R i 7
© KR 0PN BUR AT BEAL I KB, SRR ERE RN 50%.
image = flip (image, axis = 1)

with probability p=0.5
@ BEHLUER:: XA EGHEATRENLIE R, e M EDy 07, 907, 1807, 2707, HEfe A IMER Ty 50%.

image = rotate (image, 0)
where 6 € {07, 90", 1807, 270°}
withprobability p=0.5

@ FEHLEUE IR N BRI BT IR RS, BERXS LR (o) FISEEE (B) MRk, SHaH]
Yk
image = « -image +

where « €[0.8, 1.2] and 8 € [-20, 20]
XL TR YR TR 2R, T Bh PR m B B RN AL RE

5.2.4. #E&EHT

ALK T — AN BE T S 4 I B 22 X 4% (Fully Connected Network, FCN)E Ny 23 AR Y, 457
HIE T RS B N A N A% 00 = 4E AN, DRIRAEZE M B AT T oAk

1) BINZ: BN 33 DS R ) =4 bR, Ik 99 4EFRIE. TN MAREARE — MR, B
T BB R AL E

2) [

FoMEEREEC]), Hi kA RITE MO S 8uE, Ml —A 128 4ERHEm & . HACE
FAK AT DL AR e 3k AT RO

RSN BB SR 800 X — AR/ (N, 99) (RS, Forf N &4tk E K/ (biteh size), 99 f2&MFE
APRFELEE (33 NIRRT x 3 ANMARBRE) . RILIX R B AR R W, 1R OR/NE (99,128) i B30T b, HOYESE
(128), HrR—A KA (N,128) IR RE . Bk AUy

Z, = XW, +b

Z,=ReLU(Z,)

o,
X e RV 24 NE5H 5 B4
W, e R™ 55— 2 AU G
b e R &5 — )2 M1k & 1
7, e RV AL AR 045 .
Z e RV 240 ReLU WU R B HE 5 )5 th -
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X, B 2R R 128 4ERAFAE R, VRN R SR 2 AN .
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Figure 7. Loss function curve
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Figure 9. Right hand gesture (after recognition)
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Table 1. Hand ratio recognition test results
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