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Abstract As a key task in computer vision, video-based 3D human mesh modeling has wide-ranging
applications in fields such as virtual reality, game development and movie Visual Effects production. In
cases where human body information in video is fully available, existing research works have already
achieved significant success. However, when certain body parts of a person in video Exceeding the Field
of View (EFoV), new challenges arise for video-based 3D human mesh reconstruction, since certain
human body information is missing. To address these challenges, in this paper, we propose a Body part
Attention Allocation (BAA) framework for fine-grained human body part information in video. This
framework adopts human body Virtual Markers as an intermediate representation of the 3D human body
and performs part-level masking on these markers to simulate the body parts exceeding the field of view.
Subsequently, by explicitly utilizing the masking information to allocate corresponding attention to the

virtual markers in each frame, the framework fully leverages the complementary relationships between
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body parts across video frames, restores a reasonable sequence of complete human body virtual marker
sets, and thereby reformulates the 3D mesh reconstruction problem under the EFoV condition as a
sequence recovery task of Virtual Markers sets. More specifically, we first design a Rand Mask strategy,
which randomly masks subsets of a full body parts Virtual Markers set, to simulate the information loss
caused by the body parts exceeding the field of view. Secondly, we develop a Confidence Enhanced and
Filtering (CEF) module. This module receives the masking matrix output by the Rand Mask module,
adds Gaussian noise, and adjusts the scale of the input data to ensure the consistency of different feature
dimensions. After a series of enhancement and filtering processes, the module filters and enhances the
virtual marker confidence scores estimated by the preceding method, thereby reducing excessive reliance
on the preceding method. Finally, to fully apply the confidence information to fine-grained virtual
markers, we propose an Attention In Virtual Markers (ATVM) module. Based on the enhanced virtual
marker confidence, this module uses a multi-head cross-attention mechanism, which enables the model
to parallelly enhance the relationships between virtual markers in each video frame through confidence
information across multiple subspaces. Then, through a self-attention mechanism, the model further
refines the virtual markers at the marker-level through self-enhancement. After the AIVM module
allocates appropriate attention to each virtual marker, the complementary relationships of virtual markers
in the sequence are used to restore the complete virtual marker sequence, based on which the final 3D
human SMPL mesh model is estimated. Finally, we introduce a Skinned Multi-Person Linear (SMPL)
regression module based on a multi-layer perceptron (MLP) to estimate the SMPL model parameter
sequence from the complete human body virtual marker set sequence, and generate the final 3D human
SMPL mesh model. We sample the SMPL human meshes from the 3D Motion Capture (MoCap ) dataset
to obtain the corresponding virtual marker set data. These Virtual Markers sets and their corresponding
SMPL models are jointly used to supervise our model training.

Key words 3D human mesh reconstruction; virtual markers; attention allocation; missing video
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bR s b, BATIINT — Mo B & 15y
%, K BAEEAS B2 KB = R R i
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BRpe AR BT RE AR IC A BAE R, X
VT 0 S N B R R BE, AT BE HE R
AHWIALGE S . RiEE, B EEHMENER
PR FE R AT 30 A

AIVM

Add & Norm
Feed Forward XN

Multi-Head Cross
X
v

e [x Iv
I | |
BEEE EFEFE  —

K6 ATVMAEBRETE, TR 585 10 B 5 R SN 2
AL IR R SUARIC R B

£ ATVM BB 28R, a0 6 B, B el
M2 R XAEE NS, EE AR MNEZ AT
2 8] P AT M A A B b R AR AT
R AR R kAT BE)E, Wil BRI,
R s B 45 b AE R AR IC R AT — 2P A
WIgmAte. 2%, WELRTBINSEX BiEE IR
okt BEAT AR LR A e, 5 TR ) R IA e
B, EREMA—R, BRRMERE Mz
RE /1153 7 HE— BT, AN, ATVMBEHUEIA %
REK, REWEBIILSZ XRERHAT, LD
2 R A HERA I . A JOSARHREE TR — AN
fth, AWRAEERIC RS S, i SMPL
[ 5 Z AT NAR PR i

FE ATVM HI5E XE I opL e, Ak b i
bR IC mA5 S L 1 58 J5 LS AR Bt AT vE
BANE, EEJTAB TG

T
,&<Q,K;V)——gﬂtnmx(f%§_JV’ (5)
b
7N q:l ’
Q = Reshape( Linea(Conf)) (6)
K = Reshape(VM) (7

V = Reshape(VM ) (8)
H, A, ={A Ay Q2 HRHIE S i HUt 1
55 IR BLAS T B (Conf) BT 4mbiS 5 155, KAV
W2 Xof R Fh b i U A B (VVD 34T w45 21
TXEBRNZEMHEERNET, Q, K, VHE
PIFRIC ARG HHE (VM) g 15 2.

T I R ) BT 3 R L R AR
ATVM B 4R T T B AELL T EFoV A4 (1)
PERE, HF R AERRA R it TSR Bl /D AT A
BHIEOUT o EAMY A % 58 v o 2 g AN AR A
EREE AR RSB RE T, A RO e
(EIEi0)E PN AR TRN U =3 SO NTTE S ISR =¥ A P NE N
M EE,

3.7 SMPL{ZESH &t

XtF SMPL [81)5 2, A48 5 HMR A AL
R 2 Z AR (MLP), ANFEFZE, 0 3575
R T AR bR L SRS 751 . SMPL [F]
IFREHER BAA 4R, HT M8 1 AR R
Fric S-S SMPL #8505 %], SMPL
[l JEABE R (R B B 56 R A= 9) «

® =SMPLRegressor([©,.,,V,]) (9)
Hr, [ 1FRRER, 0FREIAEEI SMPL M
B ZH, 0, FRabluh SMPLERY S 4, V, &
R LR ANRESFHV AT
3.8 MKEH

BATRRRN R 7 = A 8ds R &
PIFRIC AR S UERf T . SMPL 2550 K A 70 j & (1)
FERME . BB BN IC AUE S E IR . XY
WM T AR R, nxt10) fios:

L=Ly\ + Loyp, LC(mf (10)
A Lo 57 B AR M IR R R I AR &
FPHI 5 B BE 2 )22 5 . BAABAERA L1434
BoRITHIX—Z5, FATENFEERRR, %
POt —FhAR R 1 B VT A 7 2K

Lyy =V =V, (11)
Horp, VOB AR AR C S, VRN
GT I EMbRIC SES .

Lsupe A\ SMPL WM AR (1) 2 TH AT IS, &
F i SMPL %0, SMPL W% &5 DLz 3T SMPL
WX K AL 2 1 R FUPRIC A5 B, 31 SMPL /7
THT A M 2

Ly =cll@=0"|,+ ol|V,,

SMPL 2VM

-V, +
a||M@2M_M52M I, (12)
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Hrp, SMPLEBZH 0=8,0), BIEERSHE,
BHUBH0, 5 GTIRSHE, GTEASHO 2
(SR MSE #1250 Vievar 78 N SMPL B ] 4% ikt
SR R RIRRIC RS M,y WA BT 111
SMPL Z¥06t LT IAG, TS5 GT ZE06 B
AT EZER . e,0,0 NIRRT G FIBCE, H
S & ENEERERIPIPsEEN DY
55, BAARERYRIN T Lo 2 REbRC A EAS
[EZ AT IR, T 2R CEF B3 55 8
Le,,=1C—C/ ], (13)

Horb, C, 24 CEF #5854 H ¥ 1 58 )5 1) Virtual
Markers s B15E, C, N Rand Mask g X} 6 bR
RS IERUE R . —F 2 M LIS ECRE .

X =AN S AR P F R, BAA AR
AR T H TR R bR e B A T e P, 1 HL
1 SMPL 52 2 H0R W 2 T EARGE T RGP . itk
Ab, R R AUARIC B PR 1R A e i
BE—P RN . X e (S BAA BALTE b3
EFoV MUARIT, e %4 (it S Ak ot A mT 5 1) A4
I g A

4 STWE5 5

FATRF SMPL 50U R E Sy 5 24 N AR A%
TN, RWRICAE R AT RS R UIZE BAA. 1
B AL, IRAINE T SEIH RIS DL R
SRR B SRR, IR T S B A R AR
fabro. 1E5 427, BATVIMIFEER T BAA R
AR AR 7R 4.3 R, BATE = T,
MK Z T T — S TAE; 58 4.4
H, T — R AR, SREIAME SR
FER I R RS 4.5 T, BATEHNHE T
BAA B2 (S 504 E .

4.1 BUBRE RN

PERATETT i, DA I AT NS R 4,
B B Sk ARO[k, BAA
RN\ 5 rb BT (R 2 . AMASS ™ e 3 23 2 4 4
PEAECH A4S CMU.L KIT. HDMO5 . Eyes_Japan_
Dataset. SFU. HumanEva. SSM. SOMA %5 16 >
EACITE DY SR CE INE R S YN UNSEPY A ays 27| DS S PNA
IS SETIE S, A A G B AT
FEo 75 AMASSEHR A I AL 28tk Ak SMPL
PRI K S B SE Rt F, AR Ma 26 A

PRAER) T 3, SRR N AR X AR TR 82 P A R 42
Frid, X5 BG— R RAE R BRA TV SR B s 1
Biiss, HAPaE 10 042 MK EARFE A5 75
5. IR AR B A 2507 NAE — & R B PR
TR MER . RPN T, e G, R
P Ma %5 N\ SRR B2 SR C 38 1T LAMAIAT
BEWEE AR E AL T FIRR, fEN BAA &
B AT J5 SR A B

PATH AR AF 30 1) S B R bR 1 sT A DA S
22 1f) SMPL #7837 Ffl MPJPE F8 b5 % #5578 e 14 fit 3
1T PHA, MPJPE feAnfiT & 1 WA B 5 5 sl B2
6] ()T ¥ R B 22 . MPJPE fOME AR, FontiRlf
BRI R AER, BAR S

T
MPJPE,,, =1000 *mean[Z,[ (VM, —V]\/I;F)2 j*n
i=1

(14
MPJPE g\ p, =

T
1000*nwan[§:J(SA4PLiSA4PLD2j*n(15)
i=1

Hep, VM2 HBERARRKE i WA Virtual
Markers fiEA, VM. &8s 5 F 1 HE 5L Virtual
Markers fi5ESHHE . SMPLZMARHIEE @ Wi
# SMPL #ER A RAER] Virtual Markers S5,
SMPL: & 54 4 v A1 RE (% 3058 R 5 7 (1Y)
Virtual Markers Fi4EH . n R 7E AN H R 5
HiRFER 2 A

AR, FATER T AR ARk A B T = 57
LR EERE ). EERERE LWT:

CXLE
RR— 4
ZileiU

Horb, FRRMAEE @ Wil 15 sy =1 4 oo B2 N
PRIAG . Fi=1 RNz Wi i 7 X B AR,
F=0 MZR/RNE R "X mask AP A0
B, FOXF NS AR A
42 EMSH

T BAETRAT VAR A &k, JA T T AR
(s MEsest . EE 7, AT LT PoseBERT™,
Ma % NV DU K BAAEBUAE EFoV R (1 AR M
MR, PRI MR RO ARATT AR ER
Z 8D SAE — & BRH . FFERHMZ,
IR GT B iz AR H N A 58 BE I ) 18
MR ZE B, None RmiZ 7128 A fE I EFoV
1R ARSI R o

(16)
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SERRE, FEMAIEWR NSO MBSk EFoV MU R 0, 1) HLZE S R AR RS
I, BAARRREELH TN M TR RCR - B4, RSP thRE IR A s R A R IXFPEAS AT DL
FEAU P ARG B8 BRI OL N, BAABRIE . RS mEREIeE S, EMEM T BAA B
REAMRARRIL I (. IXRH] BAA BRI EE A& IEALE Bt

Video Frames Ma et al, PoseBERT BAA {BGT Video Frames Ma et al. PoseBERT BAA {hGT

B 7 A7 EFoV A5 B 2 3R 5 b
4.3 TEENH A S B E g 0 AR A% P S iz 5 v B D
N T X T VELE EFoV RSP ) 25 22 fE GTHHE; )5, BENIAALEL R EFoV RZES 1A
71, BATLRA T — I iias: & Eaa A, I E R A T R X R A AR A T 8 S
FTAE NRE BT @A, SRS EE GT HEi TR . N T RATRetthikBlA Ik fe s
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HE AR, FRAVBCR BN 10% 1) itdE
AT mask AbFE, mask )75 FEl AL R T A4 _E =584
B R

AT — &5 5E &Kot MPS™
PoseBERT". VIBE'", TCMR™. Ma 2 A\"", VI
FKBATTEAE EFoV IS TR R R. £ 1
HAR T T RS T VAR R Ak T S R AT A
FRZfRbr MPIPE DL R E#R, il
KW T A TTIEAEAEE EFoV AR /) 3 2 4 5E 2
5, IF HIEWH™ B T BAARRI R . TR H
M52, MRABRATHIEBE, AR5 A T —FrEt
X EFoV Ial @i 7778, BRI 4 16 B B 74  —
e B T A R MR T AR, Ho
PoseBERT " FIH T Transformer ZEH[RAR 34, W4
IS FH T AR T4, VIBE A1 TCMR™ U /2
MU BT 7 1] L 2 A T4, Ma 2 NPV 5
FEAERBAT T EW I E TR, A0hidtir 75
teo FATER LS Transformer EM T 118
o B RCEAE A N — R B AR RS 5B A
W, ARRFERE EXGIN 1A SR

#1 TREFEETEANRESENF EFoV (B HIER

RE

Method MPJPE( } ) RR( 1)

PoseBERT™™ None None

Ma et al.”! 68.928 1.0000

Mps™ 115.630 0.9481

TCMR"” 139.229 0.9481

VIBE™ 69.290 0.9429

Ours 44.041 1.0000

VE: JKBLA MPIPE A% . MPJPE $8 bt NI, 7 5 A T
None #7516 4b LT (A2 7 2L
JHELSEIE
FEATTH, FRATHETE T AR SR L. 4544
Wit LA S O B (52, R 5 B A 25 ol
TE I R AR IC SR A T 51 e N AR A%
FIFTXF R MPJPE #8465, M SAERAT A5 &
HPE, WESR AR, BATI A 1 N s
FE X TR G 1 A AR A BRI SR 1 2 ), B
AR A IR+ .
4.4.1 FEROTT SRR R

TEFR 2 W, BATVEANSH T IEA RE ORISR,
BAA MWK AR L B E T 5 X AR SMPL
W% 7 I ) MPIPE $RPR R . 1% LE SRR 5 T
o A 1) S it B ATL A7 3 e BRSO ) o X6 50%

4.4

FA PP 51 S P BEATL AR AL HE . X 259 R 31 S BEATL
FRALIEE R, BLEO T Fe ST BENL . K56
SRR, AR FIS AR S It 38 ik SR o AR W A2 A
PRic RS B EENE . BRAh, FERTA MU — 2
S FES 8 A7 AL i S s 2 I8 3 40 o 1 A R A A B
AL 1 LI I N A R . A, AR
8(a) ™, DATLIEME AR 1 7% SR AR P g
73 T R o
&2 Xt BAA REGEHKRA HYHRASC LY

MPJPEvu MPJPEsuyp.
Mask rand points 16.58 17.90
Mask 25% sequence 12.54 13.94
Mask 50% sequence 12.43 14.29
Mask 100% sequence (default) 10.73 12.14

4.4.2 SERIBETE X RL  R2

W 8(h) R 9 Frow, AR A T X A Y
W HARBEmN . B, LB AIVM B 2115
BAA 5 ALEAL ] BERT &R SR 1)7E = FbL], 1X
TE— B REE Lo PARB R M Re . K 9 il iy
BRI ATVM RIS, o 250t i3 75 0 30E 12
EPEE, FEEARYEAS [ (38 Mo B 1A B 23 A
X I 1 B DAGRIE TS B IR 1) VM R 10 2 3R )
R Hh e 73 B AR AR A FLAS 20 B BT A ARSI VM
AR, IXFERISE R B AR R . ATVM )
R IHUHLZRARYE VM s s 5 R sh 1, R
JIREARA A 58 (1), 17 A2 AR 48 A3 — i ) 2 A A7 O
GEFSE ) AT, SIS R 1] 1R 1 15
Ao 451 0014 R 5 JEE i P A 28 2 = B 7R HEAS 64 Wi 51
R R A S ENETEE, e RRA
IERR VM 5.

FHxk, B 8(b) IMSLIRaR I, 24 WX i fbric a
AT I gt AR T AL T REB G5, BRAE T R4
IS A, (HIX 2 DA A S 1Y 1) ok 5 B8 1 AR
(1), IXFE— RS 7P BB 3T Y i 2 e AR
RIVEREASATERBR GG IR . BEAh, THRLET 70 IR 58AE T
P B g fERR A o Y . SO R A, RRRAE
Yfich 2 H1 55 0 26 0 I (A1 B 22 2T Re Ik T2
PRI AR LA AR SC F B . 7 B G R A ASE
BUSRAL T OG T 7 51 v 5 A 67 B 0 OGBS 2., A
MR T B I Pl A 3. 28 LRk, RAT
FEZR 3 TR T ARG R MPIPE 6475,
KEFRbR A EIR SRR T BRI, B T &
Foh AL W v 326 BT AS AL 4 e 1) B AR 52
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-~ MPIPE,,,
--MPIPE

SN
i)

hY

s\

mask 50% sequeace mask 100% sequence
Defalt

(a) VI ZRI AN [F] ¥ c Ems X ASE 784 £ B

10
mask rand points mask 25% sequence

wio Embedding

-=MPIPE,,,
-»MPJPE,

g,

wio AIVM

MPIPT

w/o Pos. Enceding Default

(b) AR FER R o

B 8 LR o3 M

&3 3 BAA REVGAIZITRYIHRESCIE

MPJPEvy MPJPEsyp.
w/o AIVM 11.00 12.94
w/0 Embedding 15.93 14.30
w /o Pos. Encoding 19.19 12.82
default 10.73 12.14

4.4.3 ESHIR
FERERLR/NT5 T, AT T AR SRR R A
RN ZHEE UL e 3K RS RS (R 5 . FRATTBR A
(1 BAA JEFEAUEBIRECN L=4 FHRAYEREN
D=512, i FX L 2 HUE R Oy s 2 1) 52 2k 1
FEASRETT R L et ,  HLARR T S A IS AR
O IRANGERE , BRI SR G 2 i oK B KAl
o XTI M S, FATEN sl=
64 NERINTNE, OB 751 B 25 KA 95 1
B, (ELFE AR Y I ZRed B v 2 3G 0 AN B IE BE
M, TR 7 B 2 KRR . R4 UK
K 10 R 7K =R SR R R T XA
HERE ST .

x4 3 BAA REBSHHHAMSIE

MPJPEvy MPJPEsupL

L=1 24.26 17.05
L=2 16.60 14.84
L=8 11.17 16.74
D=128 14.95 15.10
D=256 11.92 12.82
D=1024 38.09 28.10
sl=16 16.37 16.93
sl=32 10.97 13.59
sl=128 11.15 13.40
Default (L=4, D=512, sl=64) 10.73 12.14

4.5 SEW@ABHFIEE

TATHIBAARE R {F Fl Py Torch HE4E, £ F5K
NVIDIA GeForce RTX 4090 &+ _F#E47 K112 hif)
k. BAERSHIRE T H T IIZBAAR 4N
ZHE .

=5 BENSFUBSHEREE

Hyper-parameters fine-tuning || Hyper-parameters fine-tuning
Optimizer AdamW Decay step [15, 85,110, 125]
Base learning rate Se-4 Batch size 32
Learning rate” 0.4 Epochs 130
Weight decay le-4 Warmup epochs 1
+ S
5 4 8

FEASCH AR 1 —Fbi 7 EFoV MUsfh
B = AR R R B R 55 . XTI AR
BEGTHATE T 1T T Rand Mask 505 LA J BAA B
Rand Mask X5 A [ M2 AR 10 15 £ 15 HEAT REALIK A6
37 S e LISV SIE s o 07 R B Sk I AR BB, BAA
A% R 5 R AT N\ AR AN PR AT LA R Ok 73 L 7
B, DUAREEA A WE SR HE . oh, il
Zrid 12 R B R AR L AR S A% S HE
ERAUERA, P ABRATA TG 2 B 1 B R
MUIERE,  IXAEAD> 1 BE b E 1 TAE B FR
WAEAFBA TR TV AT AR S T3 3 T kAT .

SRIMAERT L AR, BATRIL BAA B
EATR JUASJ5 T a] AT J Jim SE09F 7t A -

(1) T R 348 S5 2407 B A (RS i L A — L
A AE L AR AT ) SMPL B ARLARTE N
RERAIRES, B T DL AR AR
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multiple downstream tasks and enables a wide range of

real-world applications. With the rapid advancement of deep
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learning techniques, significant progresses have been made in
video-based 3D human mesh reconstruction. However, based
on our comprehensive investigation, when certain parts of
human body Exceeding the Field of View (EFoV),
reconstructing accurate and complete human meshes remains a
difficult problem. We posit that the primary challenge lies in
the inherent inability to capture direct visual information for
body parts that extend beyond the camera’s field of view, due
to the physical constraints of camera field. Consequently,
reconstructing these occluded regions necessitates the
integration of motion priors, temporal cues from adjacent
frames and other information. Furthermore, the scarcity of
publicly available datasets with explicit annotations for
out-of -view body parts significantly increased the difficulty to
accurately infer and reconstruct these missing regions.

In this paper, we propose a method to reconstruct 3D human

mesh under the EFoV condition. Firstly, we define the notion
of EFoV condition and clearly distinguish it from the occlusion
problem. Secondly, we review related works in image-based
and video-based human mesh reconstruction and pose
estimation. Thirdly, we present our proposed method
specifically designed to handle the EFoV scenarios in videos
and compare our method with several related approaches.
Experimental results demonstrate that our proposed method
can reconstruct more complete and reasonable human meshes
under the EFoV conditions. Finally, we summarize our
contributions and discuss potential research directions for
future work.
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