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Pose Estimation of Escalator Dangerous Behavior Using
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Abstract: In order to realize fast response and accurate estimation of pose estimation in escalator scenarios, a
multi-task decoupled pose network (MTDPN) based on spatially-aware is proposed. Firstly, the localization
and classification task branches are decoupled for the pose estimation network so that each task branch can a-
daptively adjust the feature focus direction. Secondly, a spatially-aware convolution is proposed, with the
channel joint layer and the spatial joint layer as the intermediate layer, replacing traditional convolution with
point wise convolution and depth wise convolution, thus reducing the number of parameters and the computa-
tion of floating point of the MTDPN, so that the detection time of each image is only 73. 3 ms. The MTDPN
is evaluated on the escalator dangerous behavior key point dataset and the COCO key point dataset. The results
show that the MTDPN has improved accuracy metrics on both the escalator dangerous behavior key point data-
set and COCO key point dataset compared to the original network YOLOPOSE.
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Fig.1 Architecture of full convolutional coupling network and multi-task decoupled pose network

B, ZEE5BERIEL 1 NEFZE /NN 11X s B dK SR ZEERNIRZE)Z  R)5,.E#E 2 )2
BIRL RN 33 [ (A HEAR I A BUR 1 R BB /Ny XL Ry 25 ) JE O AL, AR 53 28 3 i
IR B A A2 T A T 25 SR o ARBA L o R 37 S B DA 4 2 S I o A At O R A S I O T 4 2 ST R
HhEE 12 A AR B R AE (R B, AU S 80T A B 8 1 2B B R/ g 32X 3 iy 25 [a) HE A
A R TC 58 (AT 55 MR AE DG J 1) o HY A B 0 315 8 6 3% 1 32 9T BE (To U S0 3] J U0 A A 8 TR 11
WRA L DG A5 B S5 R A L R IR AR B

KM 2 2 VAT BB R/ R 1T {28 ] SR MO B 03 Tl i b [ A 295 SR 0 B A P 2 2R . A At
I3 3CE S — BB BUEIR/INA 1T 28 AR A BB S 8% QU AR IE (S B A5 T A HES 6
BRIy 32X 3 19 25 (6] AR MO A BN B R/ g 1K1 B 245 [ R AORE A R Bt AR )i »
57 A NS R . Ry T B I AN [T 55 AR DG T T 1] (8 AR EL S e N A T s 23 SN AN 5 RS
)3 85 73 S AT 250
L2 ZEEBER

B F TR 5 i B R RS U 25 A5E T AT 55 il R 3 A5 I 28 1 2203 AR I N T DR R TG mUA FL
FeRFAE AR 3G T A SR B b B BT 5 ik T A 0 A X B A E B SAS . S TRRIR A BT
FERERITE &S5 MR, 8 —Fh 2 8K ffi % 1 (spatially-aware convolution,SA Conv) , §5#4 41l
Bl 2 i

Al

]
%%, ';2 =
=L =L G
o | i

N
(] /_ ['m¢] (]
@l 2 & sl |¥
2l A2 HE3% b—@—»
dm |\ 5 K| |2El (K pmmmmmn "
2 0 L E] | | AT
| = = - © s
I =] |e] [« [m @D  Siomoi
g 2| = o ﬁ; TR O Sigmoid R4l
gl gT@ B = % ? — O mrEEm
=& |

K2z RS B 25

Fig. 2 Structure of spatially-aware convolution
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Fig. 3 Partial scenarios from escalator dangerous behavior key point dataset
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Tab. 1 Calculation cost of multi-task decoupled pose networks built by different lightweight methods
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