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A Transformer-based 3D human pose estimation method
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Abstract: 3D human pose estimation is the foundation of human behavior understanding, but predicting reasonable
3D human pose sequences remains a challenging problem. To solve this problem, a Transformer-based 3D human pose
estimation method was proposed, utilizing a multi-layer long short-term memory (LSTM) unit and a multi-scale
Transformer structure to enhance the accuracy of human pose sequence prediction. First, a generator based on time
series was designed to extract image features through the ResNet pre-trained neural network. Secondly, multi-layer
LSTM units were used to learn the relationship between human poses in temporally continuous image sequences,
thereby outputting a reasonable skinned multi-person linear (SMPL) human parameter model sequence. Finally, a
multi-scale Transformer-based discriminator was constructed, and the multi-scale Transformer structure was employed
to learn detailed features for multiple segmentation granularities, especially the Transformer block encoding the
relative position to enhance the local feature learning ability. Experimental results show that the proposed method
could yield better prediction accuracy than the VIBE method, which is 7.5% lower than the average (per) joint
position error (MPJPE) of VIBE on the 3DPW dataset, and 1.8% lower than VIBE's MPJPE on the MP-INF-3DHP
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Fig. 1 Structural diagram of a three-dimensional human posture estimation network based on Transformer

2.1 RS BAE N BA A A 8 A5 o [l H 28 HIF
ar B AR AR R AT e SAE A — SRS YILGE, 193] 82 4 SMPL 4. i /milit

Lo g o S AAROERS I, AT AR I 2 12 S BORHE SMPL %, 79 F|65 6 890 N A A m =M A
MUESE LNk S WGl RSN 2 g IEA ) S A gy o & 3D Mesh.

A RES 2 2 )2 ResNet-50 41 Al 6 A7 g 5 2% SARTE B A A B I ) g A g 1 45 2K
3 )2 LSTM 4L HII P gmit o & 2 JZ AR EMR. 2D(x) 3D(X). Z3H(0 )RR ( B4R SMPL
(Rl A B AL T4 E AT 5, e SRR R AR . X S0 Dy Ak Lo, M
XS . ) 28 BRI T AR Z 3. 3 90 ) T it i S 4t o it GREMEN

AZE| CNN /1, ZM AR ARHESE IS, S — Ly =Ly +Lyp+ Lo +L., (1)
e P B 0 2 (TR 3 A0 W ) — AR P
I KBS B W A B LSTM 2R, R T Lyp =2 | X = Xa), @

Z AR B R B, 23] P
S K AL S5 G S A Lap = 2 i =3l ®



142 THHEMEIE %5 s

2023 4

Lyyp, =l BBl +116,~6, I, @)

o, X, AN ZREE AR B I B SE 3D ARG
LB X(O)=WM@,B) =&l ik WA G+ i A Ak
3D Mesh 1] 3D K0 E, S HEA TUNGRE M B
& WATEARR x, UIZREE AT N 82 2D
NEXAIBE; 2R =s[[(RR(©))+¢ i
SSIBEAAHNUBIAL S 3D ST 2D 8k, HoP s,
teR?, ReR®RAJRREHEN: B, oA
HSEHIRE TSR SMPL TRARS % 6, 6,9
AR F SR AL THS 2 SMPL £ /240
22 FlnlEE

W 2 fros, FnlEsE5 4 H 3 2 LSTM B8 LA
J¢—A Transformer 5 4H G 3 /Z LSTM 1
TS TERFIE, Transformer 2515 & FRBOARES,
K Z MUK RFAE .

e
’E“" ‘LSTM—» LSTM—>LSTM—>

e =
PAars ‘ & .
b ‘LSTM—»LSTM—»LSTM—» £ / Real
) E > or
l l l g \ Fake
A A A . £
i
N

& | |
A
,& ‘LSTM—» LSTM—>/LSTM—>.

B2 HIT a8 ) 2% 45 e ]

Fig. 2 Discriminator network structure diagram
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