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Human pose tracking based on multi-feature fusion in videos

Ma Miao', Li Yibin®, Wu Xianging', Gao Jinfeng', Pan Haipeng'
1. Zhejiang Sci-Tech University, Hangzhou 310018, China; 2. Shandong University, Jinan 250100, China

Abstract: Objective Human pose tracking in video sequences aims to estimate the pose of a certain person in each frame
using image and video cues and consecutively track the human pose throughout the entire video. This field has been
increasingly investigated because the development of artificial intelligence and the Internet of Things makes human-computer
interaction frequent. Robots or intelligent agents would understand human action and intention by visually tracking human
poses. At present, researchers frequently use pictorial structure model to express human poses and use inference methods
for tracking. However, the tracking accuracy of current human pose tracking methods needs to be improved, especially for
flexible moving arm parts. Although different types of features describe different types of information, the crucial point of
human pose tracking depends on utilizing and combining appropriate features. We investigate the construction of effective

features to accurately describe the poses of different body parts and propose a method that combines video spatial and tem-
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poral features and deep learning features to improve the accuracy of human pose tracking. This paper presents a novel
human pose tracking method that effectively uses various video information to optimize human pose tracking in video
sequences. Method An evaluation criterion should be used to track a visual target. Human pose is an articulated complex
visual target, and evaluating it as a whole leads to ambiguity. In this case, this paper proposes a decomposable human pose
expression model that can track each part of human body separately during the video and recombine parts into an entire body
pose in each single image. Human pose is expressed as a principal component analysis model of trained contour shape simi-
lar to a puppet, and each human part pose contour can be calculated using key points and model parameters. As human
pose unpredictably changes, tracking while detecting would improve the human pose tracking accuracy, which is different
from traditional visual tracking tasks. During tracking, the video temporal information in the region of each human part tar-
get is used to calculate the motion information of each human part pose, and then the motion information is used to propa-
gate the human part contour from each frame to the next. The propagated human parts are treated as human body part candi-
dates in the current frame for subsequent calculation. During propagation, the background motion would disturb and pollute
the foreground target motion information, resulting in the deviations of human part candidates obtained through propagation
using motion information. To avoid the influence of propagated human part pose deviation, a pictorial structure-based method
is adopted to generate additional human body pose candidates and are then decomposed into human body part poses for body
part tracking and optimization. The pictorial structure-based method can detect relatively fixed body parts, such as trunk
and head, whereas the detection effect of arms is poor because arms move flexibly and their shapes substantially and fre-
quently change. In this circumstance, the problem of arm detection should be solved. A lightweight deep learning network
is constructed and trained to generate probability graphs for the key points of human lower arms to solve this problem. Sam-
pling from the generated probability graphs can obtain additional candidates of human lower arm poses. The propagated and
generated human part pose candidates need to evaluated. The proposed evaluation method considers image spatial informa-
tion and deep learning knowledge. Spatial information includes color and contour likelihoods, where the color likelihood
function ensures the consistency of part color during tracking, and the contour likelihood function ensures the consistency of
human part model contour with image contour feature. The proposed deep learning network can generate probability maps of
lower arm feature consistency for each side to reveal the image feature consistency for each calculated lower arm candidates.
The spatial and deep learning features work together to evaluate and optimize the part poses for each human part, and the
optimized parts are recombined into integrated human pose, where the negative recombined human body poses are elimina-
ted by the shape constraints of the proposed decomposable human model. The recombined optimized human entire pose is
the human pose tracking result for the current video frame and is decomposed and propagated to the next frame for subse-
quent human pose tracking. Result Two publicly available challenging human pose tracking datasets, namely, Video-
Pose2. 0 and YouTubePose datasets, are used to verify the proposed human pose tracking method. For the VideoPose2. 0
dataset, the key point accuracy of human pose tracking for shoulders, elbows, and wrists are 90.5% , 82.6% , and
71.2% , respectively, and the average key point accuracy is 81. 4% . The results are higher than state-of-the-art methods,
such as the method based on conditional random field model (higher by 15.3% ), the method based on tree structure rea-
soning model (higher by 3.9% ), and the method based on max-margin Markova model (higher by 8.8% ) . For the You-
TubePose dataset, the key point accuracy of human pose tracking for shoulders, elbows, and wrists are 86.2% , 84.8% ,
and 81. 6% , respectively, and the average key point accuracy is 84. 5% . The results are higher than state-of-the-art meth-
ods, such as the method based on flowing convent model (higher by 13.7% ), the method based on dependent pairwise
relation model (higher by 1. 1% ), and the method based on mixed part sequence reasoning model (higher by 15.9% ) .
The proposed crucial algorithms of additional sampling and feature consistency of lower arm are verified on the Video-
Pose2. 0 dataset, thereby effectively improving the tracking accuracy of lower arm joints by 5.2% and 31. 2% , respectively.
Conclusion Experimental results show that the proposed human pose tracking method that uses spatial-temporal cues cou-
pled with deep learning probability maps can effectively improve the pose tracking accuracy, especially for the flexible mov-
ing lower arms.

Key words: human pose tracking; visual target tracking; human-computer interaction; deep learning network ; probability

map for joints
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Fig.3 Propagate human pose between frames utilizing video
motion information ( (a) frames from ¢ to ¢ +1; (b) optical flow

images of x direction and y direction; (c¢) motion of key points)
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Fig.4  Color histogram and probability graph of CIE lab color space

((a) color distribution histogram in CIE lab color space; (b) color distribution probability graph in CIE lab color space)
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Fig.5 Simple deep learning networks
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Fig.6  Network structure of CNN-1
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Fig. 8 Probability map of arm features consistency

((a) expression of features consistency for lower arms;
(b) probability graph of features consistency of right lower arm;

(¢) probability graph of features consistency of left lower arm)
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Fig.9 Equal diversion point of the segment

between elbow and wrist
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Fig. 10 Probability graph of arm nodes obtained

by deep learning network
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TubePose [ 73l iF 4T B IE , 5250 45 5 4 B i 2= 1
22 ime BT FREEERALAY R ES S AR E S IR
B EMER RSy, I, 3R 1 R 2 hEESIN T 5T
AR IR B JA 5719 I 51 R RS 5% 1 1) B 0 R
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BRIV TR IX 3 R B T A
BERLIZBEAY (1) AR 5 IR 7 J7 125 (Kumar FI Batra,
2016 ) 5 T4 45 Ay PRI ASE R A B A A A 2 A B BB
# (Samanta il Chanda,2016) ;i Jf f K A 5 /R ]
TG ) N2 2SR 7 T3 12 (Zhao 55,2015) , [A)FE
Hh, 75 YouTubePose % 4fs 8 b i 47 0 1iF 1Y) S5 46 4%
55350 3 Fh ek g NS R AL TR R I ROR
HEAT XS IR X 3 A ERE Iy BT s B PSR 1Y
MRS IR ER Dy 125 (Pfister 55,2015 ) 5 He 7 AAAFRAL
BEAL B T 4 B N AR % 35 B B U7 5 ((Chen 4,
2018) 5 He T N AR 1R G 4 B A A 2 A R
¥ 77 = (Cherian 4§ ,2014)

#1 VideoPose2. 0 1B 8 AR B IRER 5T S AE
Table 1 Key points accuracy of human pose
tracking on VideoPose2. 0 dataset

/%

(=R7S JAET MO e FHIME
Kumar F1 Batra(2016) 88.0 56.1 54.2 66.1

Samanta il Chanda(2016)  92.1  80.2 60.3  77.5
Zhao % A (2015) 95.0 723 50.5 72.6
A3 90.5 82.6 712 81.4
TR R R R AR

M 1 Ha] DL B ff A SCHE I AE Video-
Pose2. 0 $idla A2 RE 05 A RUHR & T Y 597 a5 A BR R
FEEE, N O B BREFAE FE AT 35 31 82. 6% , i & 15 1)
PREFAG BE AT IRE] 71 2%

5§ Kumar Fil Batra (2016 ) it 5T 25 - BEHL % Y
Ji ARG A SO RE S B R A O, ik 1
JI7R , R RUR A B S48 8 115, 3% J R

&2 YouTubePose H#ESE H NEEBREFNXT RIEE
Table 2 Key points accuracy of human pose

tracking on YouTubePose dataset

/%
Ak JASTT T BT P
Pfister 25 A (2015) 8.7 70.7 59.0 70.8
Chen % A (2018) 90.7 83.1 76.5 83.4
Cherian Z£ A (2014) 84.7 66.9 54.3 68.6
A 86.2 84.8 81.6 84.5

L L P SRR LA A
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AL AR ST AT R ER , (R AR RRAE 2 3 7 1R
o TR EE LT B, SRR BT R R AR AR A
fro TIASCR A I T B ALIR eRBORIAE JFT LIS R
B, T IR BE 2 ] A2 IR IR 2 IR TR RHAE , TR Ut
X T AN DT R A P e

Zhao Z5 N\ (2015) (1) 5 T H /R 0] Je A5 A0 1) 359
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Fig. 11  Demonstration of experimental results
((a) pose 1; (b) pose 2; (c) pose 3; (d) pose 4;
(e) pose 5; (f) pose 6)
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