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Abstract

This study proposes a train driver gesture action recognition algorithm model DinoPose for video
images of train cab driver monitoring in railroad scenes. By introducing the encoder-decoder
structure in Transformers to achieve regression-based human skeleton key point detection, the
application scenario of Dino network is effectively extended from target detection to human
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skeleton detection. Tested by the key frame dataset extracted from multiple sets of video images
of train cabs, the proposed method in this paper outperforms Openpose and Yolo-pose algo-
rithms in terms of accuracy, where the mAP reaches 95.72% and the detection accuracy of hand
ratio item points reaches more than 85.74%, which can meet the actual business requirements
of intelligent analysis of locomotive driver’s cab monitoring video in the locomotive section of
railroad bureau.
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BEAE TR E 25 ) o R R R, BRSNS AR AR B TR R, R I 2 4 ) Ok 2
FIFEM[L]. SR E R WIS E R E MRS, SRR eZEW R TERES), MEkkese
TRERRES AR T HEERER. R\ AT, IEESHENTERELEES, FH50E
AL 5 S BT IR AR R R, X2 BB R — R [2]. AINLBESESIETF AT E, dHH
il A B T U IR T AR A B AR R E I E B AR . A IR TR AR TS FisiT 24, Bk
X EIMLF AR M4 00 1oy . MLAS BN L7 S WL E RN = P00, % m AL E #AT
N, TAFEZEEHBFENEK. UL ERER MR e 0 L4 ml B A 7, 18 B HER
P N R LA SER BB, AT BLkA S RN I BHIRIR %, IERES B A R N A e
RHIZAT

AR, BT IR E BN W28 1 TH S 0 BOR AR P IE A8 /AT 9 R0 e 52 1) 1 AH B AL N
RS2 H bR, SCHR[3] T 56 FIFH Alphapose 3 fili v S [415E BN & 8% (1 G B AR AR, iE TAT A%
FANT T AAT NI E B S AR AT T 2R 50, SR J5 38 YOLOVS H A I 5L A MBS B A e 1 1
5 B ZEAS I AN H AR 25 AT Al G ORI BT RO R, KIREE IR & T X & R AR 2 AT N
RO i 1 R . SCHR[S1HRH T —FiJE T OpenPose [6]4#148 I 48 LR () SR AR IR I B v . 458 B
AT A AR D T S5 B A AR, 0w LS Bt R o 1 T FR A DA SRR R AT A DU A B T A . SCHR[ 7]
Wit 7 — P T X 38 = 445 AR 42 [ 2% (Region Convolutional 3D Network, R-C3D) i &l AL T #4 R AR 7Y
IR 2 ST A M N R F i, ST RC3D M4 A ARE SR BT X 4% . i 3R 10T IR 4% 1
1PN TGS, AT LS A R LG R B A e S E WL R A RIS E . SCHR[B1HE H —Fh 2 i 25 R
5t & 4% RepC3D (Re-parameterization Convolutional3D). & 26iE s 15 5 W L3k B H Arsh /E X 1, 4R
JE X H bR X IREEAT RGB MG AL AL, H35 5 N IR FE 22 I 22 I 2%, FE SR I AN 3 R iE A0 2 TRV RRALE
a4 RepC3D UMK IR FHEREAT I IS5, RSB GEE . EHE R T AIEMEIEE
HATING, 2 AR B BE R R AR R R R I, T LA ROR AL R8T . Bk
W90 3 430 R IR TS 25 AR 2 X 2% S BB ZE B LT LU AR ORI . SR, J IR B B R AR I 4% (R3S
T RRE INE KR BUR SRR, 3T 4 R4S e O E AR B — E RIBR I, R T RIS FE it — b 4R
[ HER N FE S R BRI, KR RS
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Transformer 414472 N T A 9815 5 AL B ATHE NI 5 4145 [9]. DETR (DEtection TRansformer)
YEE A& Transformer {5 B ARAT I AR, & — Ffo 313 o] 2% > 1) B ARSI, 364 BAA G058 it Hoik
RERER[10]. DETR ¥ H Fntarill g A e S & Wil 104255, RN grad B, A58 = 25 B DT B Fll A 25 12k 47
Nk, TIARE AN T B AL FE RN A] P2 AR BT 45 . DAB-DETR [11]3& i S HIHEHEH T- DETR, H
A HEALBRAE i ) 4 H B Transformer (@RS g8 . (E5E— 2 8h A& 58 box. f# F box Al LU VI 2Rk
S4, AR AT LA box F) s B Ao B R B ) B A . DN-DETR 51 N 25 AT 45 L R4 5 A e 75 1) 35 S AE
ANFfigghd g b, 7 DAB-DETR [AEA bt — Bkl 7 lesl. W AE S AAERE AL R tHIL, HEBRI FfA
B, NSO AR 0 SEER R A A 9138 [12] . DINO FAYES — ik DETR A (I 23 HUAS T H ARk:
M AR ERE, 7E COCO 44 FHUAS T 63.3 AP [IPERE, AHEL 2 RTZ 22 AR 35 40 A28 S H50RN I 25
BRI T LLE[13]. DINO Beih 7 NZRE R SAREAR I 738, AMCE ENH B SHE, 1075 2 1t
FEAC . $RH TIRAEWIEFE T, AT anmyiiai. 54, DINO gl NEIGITZ MHFIE, 3
TR ITEHE, fE/ BRI RIARE

AR SCAEFT NORE Fe3emt B, $2H T —FhIET DinoPose 1941 4w ML T IR B AL . B 56 R
AT H ) DinoPose A Al v, FEHUNLZE 25 3 = i S MR AR (1 21 25w AL A 08 AR O B iy 22
AR BAE S, ARG RIS FER T A A AR S G R, E A HLT LR A S E iR
AR, SRR RANLZE LKY 5 B [1413E T R #r, SCB Tt sh VR i 2 B R DR 0 W o AR
e, AT DINO-POSE (141 Rl HLF A E IR FIERAL, 3@id OKS (Object Keypoint
Similarity) ¥5 Ar i & AR B 2 S A I R, L mAP JEEI T 95.72%, T LI (RS I vHE A R IA 3]
85.74%0LA I. BEWEIHE L BREE JRHL 5 B ZE R 3 I A A R o AT R SEBR Mk 55 75 3K, X0 AR 42 22 42
ITH0, REIERIN TAESEAEEER L.

2. {RBIE
2.1. DinoPose

ACAE Dino P45 (1 3E5E 4R HY DinoPose, ] Transformers H (4 i a% — ALY 28 45 kg K $h AT 2L T (1]
VAT NS s A I, I ks Dino M B ARSI FE 21 — 48 A AR B2 i 1 .

DinoPose H1=E T M %%, Transformer 4ifid#s. Transformer RS 2%. SST5 A 2> S0 HARED SCATE
BRI SCH R, WE 1 fs. BAREBREE EFMERR Cyv Cuv Cs MZ RERIFHIES EFIEAN
Transformer Zifi2%, Transformer Zmhd &5t — LG 1A [F R FEHIRFE IS US40 S = B RT N NRFEAE
NVIMEE I (query), FIZEIL @A 4 (key) . E (value)RFfiEi% N Transformer @it &% 5 2EAT1HE, £l Al
HE 43 SCRTEB AR B 5 S2AF BN AN AR BIRSIRE (X, y, w, h) S BAF RE, 75 sk 49 52 T3 21\ AR i 5% 2
T AR AN IUAE O s AL B (A, Ay) FIHZ R R BAG E  AEEEE AR, AT R BR AT EE
FEE WAL )N ARG IUAEE o i b AR D HE P e 5%, y) 5 & DR B i O 2% AR D 49 B N AR 5 A DG B R
(x+A%,y+4y,), RRREFERT 05 o s s N IE 2 Sbocst . ST HRER H
FRHEEAH 2D AR 28 s A AL BV E A L, DinoPose B A ] Transformer i =CHE R I ] 844 i A T £
(0 ) 850, ST X R T £ SRR P A B A . DinoPose 389 T A& G AR B bRAS I R 2 A
TRIME XS BT — AN L SEREAR P 8, AT 2B 7 5 A B AR OB ) 5500, S 4 priE e T B SE i 5 4 55
e J,  SEBTOE IR o 2 0 o

2.2, FgE LRI
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Figure 1. Structure diagram of DinoPose
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Figure 2. Denoising training of Dinopose
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Figure 3. Diagram of human skeleton
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N BFRHE, Fd3dERAH COCO XK mibrdtg, Hhnd iR, A48, &1, AhH. Ak, &
G A A A 17 DO . JEhRE 13,258 5K IEF, HidiEd 10:1 B ELEIREAL > il 25
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Table 1. Performance comparison of DinoPose accuracy with other algorithms
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Figure 4. Performance comparison of DinoPose accuracy with other algorithms
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Figure 5. Detection effect picture of DinoPose
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Table 2. Test set gesture detection statistics
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Table 3. Effectiveness of gesture detection based on angle analysis
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