LIRS N R ELR M R A AR S 1 B 77 i
b, Bk, s, 5, XIRIRL Kk

IRA:

0, MRk, wES, S AN S IR I NARSIE TN vk [T]. BRE R SR, 2025, 20(4) @ 1010-1023.
LI Qin, CHEN Feiyang, PENG Han, et al. Human motion prediction method with visual perception of human-—
scene mutual influencel]J]. CAAI Transactions on Intelligent Systems, 2025, 20(4): 1010-1023.

FELE L View online: hitps:/dx.doi.org/10.11992/tis.202411016

L] RERGBR A HAN S R
WS I R ) i L2 B A5 Ry A 7 i

A visual collaborative analysis method for detecting illegal driving behavior

BHER G FR. 2021, 16(6): 11581165  hitps://dx.doi.org/10.11992/tis.202101024
b A M )RS s 27 S RE SR

A geography and time aware representation learning framework

BHER LK. 2021, 16(5): 909-917  hitps://dx.doi.org/10.11992/tis.202104011
FeF RAFERILHIAN LR SCRL A 3RS ] 4

Feedback attention mechanism and context fusion based amodal instance segmentation

BIHE ARG FR. 2021, 16(4): 801-810  https://dx.doi.org/10.11992/tis.202007042
T 1) AT R 8 P A A R o 0t e

Research advance of multimodal personality recognition based on audio and visual cues

BIRERGEAR. 2021, 16(2): 189-201  https:/dx.doi.org/10.11992/tis.202101034
GRS S R IE 7R AT SO DN NeS - A I RS

Human “ghost” suppression algorithm using Gaussian mixture model and topology

BB R G 2E4R. 2021, 16(2): 294-302  https://dx.doi.org/10.11992/tis.201912030
A s Sl A A B 2R SR RN 5 38 BFSE

Research on skeleton—based action recognition with spatiotemporal fusion and humanrobot interaction

BHERG2FR. 2020, 15(3): 601-608  hitps://dx.doi.org/10.11992/tis.202006029


http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202411016
https://dx.doi.org/10.11992/tis.202101024
https://dx.doi.org/10.11992/tis.202104011
https://dx.doi.org/10.11992/tis.202007042
https://dx.doi.org/10.11992/tis.202101034
https://dx.doi.org/10.11992/tis.201912030
https://dx.doi.org/10.11992/tis.202006029

5500 B 4 W O R & ¥ i Vol.20 No.4
202547 H CAAI Transactions on Intelligent Systems Jul. 2025

DOI: 10.11992/ti5.202411016
[ £& H AR B 3E - https:/link.cnki.net/urlid/23.1538.TP.20250226.1252.005

52 BN N = B M B9 N R S (BTl 77 7

Zuw? BB, B!, L F A kAR
(1. W IARF ALERE LT AR, «%)]rij k(/ 410205; 2. AT £ E, M KI) 410205;3. FH K
B, S Kb 410083; 4. ¥ 3k, 5 & EY] 518063 )

 E: GG BWE AR, X ARSI ETRI S K . YR R A R = E B E R e R
1, 20T 5 'ﬁﬁMEE’JEEﬂﬁ%%J ik, B — ﬁmf I S HSE I 0 ARSI ETIN O SRS R
TEFNS SRRAE, SR G TR IR AT ) 5 A5 B R B T A ) 5 oy B 3 SR SR T . AT I B EM Y R 5 8, 5
I ZA7 BT sh AR R AiF LA M 38 37 55 338 1 o fcﬁiwﬁ%F P33 3 53 o RV B VERRAF o 3 T IR IE A T e s
WY B MBIETON . 7E 3 DR R B TSR, S5 AR WA SO Ik B B R 22 I T Y BT Ok, SR T I
AR . ARSI R B S s b B AR S0 4 T B2 AL 0 AT S 9 i o 56

KRR ANRSIETUN ; 505 85 00BN s SIERAAE s F kel A& Eﬂllﬁl Yy 53l L 5 MR T 1
FESES . TP39] XEEEL: A XEHS: 1673-4785(2025)04-1010-14

5| A D, B, 2R, & R BA AR ER MBI NG ER T [J]. B8 REF MR, 2025, 20(4): 1010-1023.
#1325 A1&3(: LI Qin, CHEN Feiyang, PENG Han, et al. Human motion prediction method with visual perception of human-scene
mutual influence[J]. CAAI transactions on intelligent systems, 2025, 20(4): 1010-1023.

Human motion prediction method with visual perception of
human-scene mutual influence

LI Qin'?, CHEN Feiyang', PENG Han', WANG Yong’, LIU Limei', ZHANG Wei*

(1. School of Artificial Intelligence and Advanced Computing, Hunan Technology and Business University, Changsha 410205, China;
2. Xiangjiang Laboratory, Changsha 410205, China; 3. School of Automation, Central South University, Changsha 410083, China;
4. ByteDance, Shenzhen 518063, China)

Abstract: Scene information drives humans to adjust motion trajectories and greatly influences human motion predic-
tion. Current research only updates motion features with scene information and ignores their mutual influences. Hence, a
human motion prediction method with visual perception of human-scene mutual influence is proposed in this paper. Mo-
tion and scene features are extracted, and scene information capture and adaptability enhancement are iteratively ex-
ecuted. The former captures scene information affecting human motions, whereas the latter updates motion features with
the information to enhance their scene adaptability. After the iteration, the scene-adaptive action features are obtained.
Noise inverse diffusion is performed based on the features to complete motion prediction. Experiments conducted on
three datasets demonstrate that the proposed method has lower prediction error than the current methods, which verifies
its effectiveness. The proposed method provides a more reliable solution for human motion prediction in real scenes.

Keywords: human motion prediction; scene information; visual perception; motion features; scene features; human-

scene mutual influence; scene adaptability; noise inverse diffusion
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Fig. 4 Framework of noise prediction network
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Table1 Comparison of MPJPE and parameters of various models on GTA-IM

FF /s

ik 03 0.5 0.7 1.0 15 17 2.0 SRR 10"
SCAFF!"! 493 67.9 73.9 94.2 98.2 101.2 102.9 7.5
LTD!! 44.0 52.5 60.2 69.1 85.6 89.2 95.3 5.2
SIMLPE!"? 442 51.9 60.0 69.5 85.5 88.8 95.1 0.2
C-RNN!?! 43.4 51.1 59.5 68.9 79.1 84.2 88.8 9.4
CAMP2®! 45 50.8 59.2 67.5 75.5 82.3 86.9 9.1
STAG™! 42.0 48.5 58.5 65.9 75.8 83.9 88.2 6.5
MCLDEB" 39.2 452 56.9 66.4 73.9 81.4 86.9 4.1
VPHSI 38.2 43.1 56.3 65.2 72.0 78.2 82.3 3.8
0 RN AN R A4
£ 2 &KIHEFRTEPROX LA MPIPE 3Ttk
Table2 Comparison of MPJPE of various models on PROX
WRZS HAs
0.3 0.5 0.7 1.0 1.5 1.7 2.0
SCAFF!"! 93.9 122.0 158.3 171.6 283.5 310.3 352.7
LTD!'® 71.0 91.0 122.2 1413 171.8 179.2 187.8
SIMLPE!? 68.0 90.3 119.2 138.7 168.4 174.2 181.3
C-RNN! 65.9 89.5 109.4 133.5 158.4 163.8 177.3
CAMPE®! 62.0 89.9 104.7 127.5 149.3 152.4 167.5
STAG? 61.1 89.7 104.7 127.3 149.9 153.0 168.9
MCLDP!Y 59.3 83.9 101.3 123.1 148.3 1523 167.3
VPHSI 57.2 82.4 99.3 121.4 144.8 149.3 164.9
T M FOR AT AL,
xR 3 &% FE7E BEHAVE L) MPJPE %tk 4 52
Table 3 Comparison results of MPJPE of various models on BEHAVE
S B Zl/s
0.5 0.7 1.0 1.5 1.7 2.0
SCAFF!"! 63.0 1173 147.6 193.1 211.3 2223
LTD!'¥ 49.2 107.8 132.8 178.3 183.2 191.4
SIMLPE!? 493 105.1 130.9 175.9 183.0 189.5
C-RNN® 472 102.3 130.5 172.4 175.8 182.0
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Jrik:
0.5 0.7 1.0 1.5 1.7 2.0
CAMP2! 452 102.7 125.3 168.3 170.7 177.1
STAG™! 447 101.4 123.0 165.2 168.9 171.9
MCLDB! 428 993 120.1 158.2 163.0 166.8
VPHSI 41.4 98.1 119.4 154.3 162.0 163.6
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Fig. 5 Comparison of visualization results
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Table 4 MPJPE comparison results of various models in different scenarios on PROX

FRETR T
MPHI16 MPHI1 Library NOSitting Booth N3Open Area
SCAFF!"! 359.4 3513 3529 363.6
LTD!® 189.0 187.5 191.5 200.8
SIMLPE!" 161.3 180.9 185.2 193.3
C-RNN® 155.9 178.8 180.2 187.0
CAMPE®! 156.2 169.1 169.8 175.8
STAGP 154.9 171.1 172.5 175.9
MCLDP! 155.8 168.9 170.9 175.2
VPHSI 153.3 164.2 168.4 172.1
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332 I RO
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D) SN Grdm i a5 - R T IR FEA [F I 25 Gt
R AR B AR T30 ) 5 e, AR SEIR BTN T 4 A4S T
Yl 2L . Res-sup(residual supervised model)!”!
UniGC(universal graph convolution model)*”, Res-
Net50(residual network with 50 layers)*!! #1 EVA-

CLIP(series of models of improving efficiency and ef-

fectiveness of CLIP training)*?!, Res-sup I UniGC
YE R SVEmAS A%, 4353 F RNNs fl GCNs #5113
ifii ResNet50 Fl EVA-CLIP W /E 2 G 4 il 2, 43
)3T CNNs fll Transformer, 3 5 25 H T W25 5%
5 2% WA R 2H & %R B9 MPIPE 4558, nTLLE
UniGC+EVA-CLIP 1 STGCN+VIT F) 75 ] 4% 5 0H
BT HABH &, X —45 8L, M5 T RNNs,
GCNs TE 24 2] &7 5 i — 23 AR A bk O i oA o
B . JF H, Transformer #|HE AFEE S



544 20, 5 LRI A S

ER AL LPNC Sl (SR RFS

* 1019 -

ML, BE W% B 75 70 b 5C 1 MG 5 sh AR A G ) 3
SAEE, NI T CNNs 3 BAR &, HAT =
142, UniGC+EVA-CLIP fil STGCN+VIT [ i

ZE BRI EA K, XFEIE T GCNs 1 Transformer
BT %) G i 7 7F B2 S VR RRAIE AN 37 5 kR AE 7 T 1)
RE ARG .
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Table 5 MPJPE comparison results of different combinations of pretrained encoders on GTA-IM

st 2 /s
Wik T4
0.1 0.3 0.5 0.7 1.0 1.3 1.5 1.7 2.0

Res-sup+ResNet50 31.4 47.8 65.5 71.0 77.4 85.2 89.2 95.9 100.3 73.7

Res-sup+ViT 29.4 44.5 61.4 68.7 73.5 80.3 85.1 88.8 94.1 69.5

STGCN-+ResNet50 30.1 46.1 63.1 66.3 75.2 79.9 85.5 91.4 96.9 70.5

UniGC+EVA-CLIP 25.6 38.2 45.1 56.5 65.0 70.3 72.1 77.9 81.0 60.8

STGCN+ViT 253 38.2 43.1 56.3 65.2 69.9 72.0 78.2 82.3 59.5

s MR AT SR 4
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DB X 5 545 B A AR 5L 00 iy M RE S i 0K, AR
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N TN ZE SR, W RLE R, 2 PR, BICA 2 Al

Pxfrr“ﬁ&//'\%%ﬁ:s'z?g&i, S BRI E R
MR 25 R ZREPE R R IR H, 24 PIEA 5 39
F| 9 i, MPIPE WA fb R K, 1 B 3 2 1) B k57
FIHAR S BARTFHER M 2 [ 2 REE . SR, 0k
1 PEIEITTRA . 275518, PR S kst

% 6 A[E P{E7E GTA-IM L& MPJPE X Lb & &
Table 6 MPJPE comparison results of different values of P on GTA-IM

A Z/s

0.1 0.3 0.5 0.7 1.0 1.3 1.5 2.0

P B RFBAL [l fi
2 T MU

5‘,.' |
3 KT, TR

5 Ul ANt NP SL - L Y

10 N - SN T - NS 1 N ]
B ZERRR AR L Ze/ VB | /IR

283 419 523 603 699 740 753 86.1

274 403 498 585 683 733 735 850

253 382 431 563 652 699 720 823

255 38.0 431 565 652 699 718 823
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512 W, VPHSI B PE g
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Fig. 6 MPJPE comparison results of different values of D
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Table 7 Ablation results of the token-wise attention mod-

ule on GTA-IM

B Z/s
TH Rl

0.1 0.5 1.0 1.5 2.0

X 27.5 48.8 67.9 73.9 85.1

\/ 25.3 43.1 65.2 72.0 82.3
o=1,b=1 26.4 51.0 66.9 75.0 86.3
o0=1,b=2 26.3 51.2 66.9 74.8 86.1
0=2,b=0 26.3 50.9 66.3 74.4 85.8
0=2,b=1 25.3 43.1 65.2 72.0 82.3

E IR R A S B LA 2R

4) SIVERHIE SR Sl e P 5 S 1 Sk sh A
FEAIE B 2y M P 39 HOR AR S04 00 A AR
P, AR SCHIA TS SN T A5 5 . RNNs #l GCN-
TCN(graph-temporal convolution network)™*!, H %%
R 8 Fan . LUK I, ¥R Y iy R AL
T LRI IO, X —45 1R, M LT 1%
Guph o W2, ORI 2 22 B BUORFE FE DK
1l 2 BAIL R, BN R0 b A B8 R R B VR B 2 4
SAFEYE, I A B 5 | 3% B A AR SR

on GTA-IM F3,
K8 AEMMIZAE GTA-IM i) MPJPE XitL &R
Table 8 MPJPE comparison results of different predictors on GTA-IM
, A Z1/s
T &% T
0.1 0.3 0.5 0.7 1.0 1.3 1.5 1.7 2.0

RNNs 34.6 51.6 69.5 76.4 83.1 90.4 96.2 101.6 105.3 78.7
GCN+TCN 30.5 40.8 56.3 60.3 77.9 80.5 83.9 89.2 95.1 68.3
Ei G s 25.3 38.2 43.1 56.3 65.2 69.9 72.0 78.2 82.3 59.5

T MR AT B AL A5 3R

IR R T XY BB R S e EE R, AR S
TONF A T8 1115 A5 B /) MPIPE, W& 9 iy
Ao ATLLFESR, 24Tk 1000, MPIPE /s, %t
N VPHST # U M G B 4 o T =100 15 2] 1
MPIJPE f5 K, #1458 2 3% T B, X2 BN IR
() T {8 2= FEAR B AR A il SR i LS

WAL, ST 36 UE N X M 7S T ) 2% P RE ) R
M, A SCH# T AR NY{E /) MPIPE, 4 10 it
INo EERFEHH, 24 NCHh 8 i, MPIPE Ik, K %H
HE B 8 AW 7 i B 55 R BE 8 15 3] A A 1) 000 2
W EHAVIH AL, YN T 8 i, MPJPE J2 ifij
O 3X 0] AR P A At £ i MRS A A A B B T

M P TN ) 45 ) 2 080, S B0 SRl A b B
AAUE, MG RE TR
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Table 9 MPJPE comparison results of different values of

T on GTA-IM
eI
g 0.5 0.7 1.0 1.3 1.5 2.0
10 625 77.3 842 924 983 109.4
100 552  63.6 723 77.3 82.9 95.2
1000  43.1 532 652 694 720 82.3
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Table 10 MPJPE comparison results of different values of

N° on GTA-IM
A Z/s
NP
0.5 0.7 1.0 1.3 1.5 2.0
2 63.2 66.0 74.3 779 82.5 943
4 58.6 64.2 72.3 74.0 79.1 91.4
8 43.1 53.2 65.2 69.4 72.0 82.3
10 50.0 56.2 66.3 69.9 72.9 84.1
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