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Three-dimensional human pose estimation based on spatio-temporal
multi-feature fusion network
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Abstract ; At present, the common 3D human pose estimation algorithms have achieved good results in
representation learning,but there are still problems such as poor estimation accuracy at the joint points
of the human skeleton. Therefore,how to effectively estimate human pose from a monocular RGB image
using the redundant 2D pose sequence sptatio-temporal information is a different point in the research. In
this paper,a 3D human pose estimation algorithm based on spatio-temporal multi-feature fusion network
is proposed. The method utilizes a compact convolutional neural network to learn spatio-temporal infor-
mation to model the 2D joint position information as 3D joint position. The experimental results show
that the method proposed in this paper can achieve relatively advanced end-to-end attitude estimation ac-
curacy ,and does not require any attitude optimization method in the post-processing stage. The pose esti-
mation obtained in this paper can effectively improve the average accuracy,which proves that the method
in this paper can effectively improve the accuracy of human pose estimation.

Key words:3D human pose estimation; spatio-temporal features; motion compensation network; feature

fusion network
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Tab.2 Comparison results between the fusion spatio-temporal multi-feature method and

the state-of-the-art algorithm in the dataset KTH Multiview Football [[

Method Plevis  Troso Upper arms Lower arms Upper legs Lower legs  All parts
TEKIN, et al. "] 99 100 74 49 98 77 79
BURENIUS, et al. "% 97 90 53 28 88 82 69
AMIN, et al. 92. 4 91.1 75. 4 72.9 76.7 47.7 80.5
PAVLAKOS,et al. 1% — — 80 64 85 79 77.0
BELAGIANNIS, et al. [* — — 64 50 75 66 63.8
Ours 101.2 98 84 54 95 76 81.4
3 BENZESHEAZSREHNEXELHIEE Humand. 6m FHLLEER

Tab.3 Comparison results between the fusion spatio-temporal multi-feature method and

the state-of-the-art algorithm in the dataset Human3. 6m

Method Directions Discussion Eating Greeting Posing talk Posing Buying Sitting Sitting down Avg
BOUAZIZI, et al. 'Y 48. 2 49.3 46.5  48.4 52. 4 46.4  61.4  72.3 51.0 52.8
PAVLAKOS,et al. [ 67,38 71.95  66.70 69.07 71.95  65.03 68.30 83.66  96.51  73.39
LUVIZON, et al. 49, 2 51.6 47.6  50.5 51.8 48.5 51.7  61.5 70.9 53.7
CHENG;,et al. '] 38.3 41.3 46.1 40.1 41.6 41.8 40.9 51.5 58. 4 44. 4
ZENG,et al, ' 43.4 49.7 45.1 47.6 50.7 47.1  45.9  56.5 61.1 43.5
LI, et al. [ 47.8 52.5 47.7  50.5 53.9 49.5  49.4  60.0 66. 3 53.0
HU,et al. 1'% 38.0 43.3 39.1 39.1 45.8 41.4  41.4  55.5 61.9 40.7
TOME, et al. '™ 64.98 73.47  76.82 86.43 86.28  110.67 68.93 110.19 173.91  94.63
TEKIN, et al. [# — 129.06  91.43 121.68 — — — — — 114. 05
PAVLLO,et al. [**] 45. 2 46.7 52.3  49.3 59.9 44.6  44.3  57.3 65.8 51.7
Ours 37.2 39.3 45.4 38.5 41.3 40.3 38.9 39.2 54. 4 41.6
4.3 HRUSL %4 HE MCNet &30 b &
R T VAL AR A Fr iz B M R 4% (MCNet) i Tab.4 Ablation MCNet module comparison table
(045 %M L A5 S0 26 Human3. 6m B4R 8 |- 9647 T 3 . Pos}e Remo{ve McNet Ours
Directions 37.2 36.8
Rl S0 , 50 4% M A% Bk 42 Bl A0 £ I 45 A5 S N 45 R 4 Discussion 39.3 38.4
. . . X . Eating 45. 4 44.5
XA 48 25 A 1 0 I 5B S L OF B Rk B L Greeting 2 36
U2t SUE SRR S NI PN e Phone telk i w1
Posing 40. 3 38.5
Wb Je, AR R B AR T 2.9 AN E S Buying 38.9 37.7
N . Sitting 39.2 37.2
L F R = Sl o K & P Gl o
R E W 2 45 SR S % o s O R A g AT 82 Sitting down o a9
ZER Average 41.6 40. 4
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4.4 ERXNXLETNIE

TSR G Ok AR B 2 AN A BOI J7  EAT
B XSRS B A0 BT 2S5 A S 8 2 00 R ik
H CAM(class activation mapping) 24 i f7 &, i T
AT HLAR 23 B A AL vh iz g A AR B i A Ok 14 12 3 15 R
ML AN 4 B, B 4 Ga) 3R R TR i Ok (1) 38 Bl A
1L 18] 4(b) FR 281 MCNet 32 3 4B W 4% 5 1 34 77
P& 3 sk A Ty PRI AR T M b DL 7R 38 3 A A i 2 [A]
REMEAR 42 21 DG il R AEAE B+ 15 3l /b 32 9 2% 5 53 F
FH T i 28 R AEARORS  2% ) 584015 Bk B 5 R L AE

(a) (b)
4 HEZBWILERTRLHRNE:
(a) EWUEFNHEH; (b) MCNet i5 B #h 3 P £
Fig. 4 Ablation experiment comparison results visualization
heatmap: (a) Original frame motion blur;
(b) MCNet motion compensation network
4.5 ZKERE
AR SCH) 7 2 A Human3, 6m £ 45 4 f1 KTH-
Multiview Football [T 45553540 & 5.6 s .

r
-\:f/ </

\“l

N A

(b) (©)
B 5 AXTWHEEHIESE Human3. 6m F#17TLR
BE=HETHEITHBIBOIFER:
(a) IANEF; (b) BUMER; () EXLERGT
Fg.5 The experimental method in this paper is tested on the

e
[y
&

dataset Human3. 6m to obtain some example results of 3D
pose estimation: (a) Input image;

(b) Prediction result; (c) Real result GT

6 AW FEFEHIESE KTH Multiview Football [ E
HITREEINZSETHHBIGHFER:
(a) MABEF; (b) BUNER; () EXER GT
Fig. 6 The experimental method in this paper is tested on the
dataset KTH Multiview Football I to obtain some example
results of 3D pose estimation: (a) Input image;

(b) Prediction result; (c) Real result GT
‘
A\
5 & &

BEXT AT = 2 A 2 5 A T 8 1 A TR RN AR A
T S I AE OC T A R N AR DL KA TR BE O e A )
AR SCHR T — AR B 2 A B LG I8 B R
2531 HouT LL B 2l A7 i % i 2% 2 ZR A L i TR T E
P ST ISP A P A T R, T PR ER PR A O =
e NARZISANTE . SCu0 45 R R WD I = Z 5RIE Rl &
FE 85 A R DR X0 N AR 3 25 561 U 8 22 [ 1 4 o DG
. oy A E L Al S IR v DAAS th g5 e, A SO R TE A
TP Ok 1 Pk AR TR) R BT B A B ORI
UL = Y NAR A T REMESE . Human3, 6m 4
£ D) K KTH Multiview Football 1l #t#54 5 H
I Ry 28 B0 05 VA AR LR AR SCO7 R R S B B B
P ME A P DL e B — o 038 L AT DU T A
KAV Bz 3l % T v A B v A
P LA G B AR oAl DU e {5 B 2 05 125 1
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