E-mail: jig@aircas.ac.cn EPEI%%H???E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS
Tel: 010-58887035 O EESRERFRRINTE

FEE 525 TP18; TP391 XERFRIRED: A XEHS: 1006-8961(2026)08-2987-14

# X5 A#& R : Zhou M, An P, Huang X P and Yang C. 2026. SMPL-guided human mesh reconstruction from incomplete point clouds. Journal of
Tmage and Graphics, 31(8):2987-3000( J&ff, %, #H5, i, 2026. SMPLEI R FRHSE -~ AREH . b E L EIE2EM, 31(8):2987-
3000)[DOI: 10. 11834/jig. 250262 ]

SMPL 5| &Kt m = AKE#E

A%, %2F ,EHT,

RIS S5 TR, FIE 200444

M OE: BE RS EAMEBIRZAAGTE HT 2 AR PR R R 1 R R | S i e S M
KERE o AR SS A ARV (B R XE LAER B LI S5 MR PN OC R , S BUR B B S 22 . A J7 I 7EAL L™ 5
IR A AN I AT TR I 25 1 S8 B M R LADRS BE R R PR, ik il ARSI i —Fh B T 52 0 2 Nk
(skinned multi-person linear, SMPL) B IR FME 0 1) AR T HE 5 S 2 4b2 15 830 51 A SIS SUBRA 1) 2 R FE
TESR IO , 1858 X5F Jry 8 TLART 254 04 LA B 77 5 7E MCEEA B T SMPL ) S804k IS Se 3 b ) i NAATE ZAZ B 48
BT TR XS AL HE R, 2 ik PR EL B R SR M Fh ML S5 3 — 2D BT TR IR RS SR AL A A e, 3 ot 2 ) iy
A L 5 T PR ) Y A ) Ak 22, SRR AR R TN RS A EE . BRI AR AR W], T U i TE
SURREAL (synthetic humans for real tasks ) fll AMASS (archive of motion capture as surface shapes) {455 3408 FE A
J7ik . 7E SURREALBCHRAE I, TG I ERZEFEAR 4. 6% , ZEAAGTIRT RIS AT LAY 16. 2 mm s 75 AMASS $dfi 48 -
R £ BE B AR Rl 0 3 T IR S AR5 IR T TR INAE 2L R APz Akt S B tE. &g &R bAr
& K SMPL (W #Fh e 50 A 20l A R = B @i AR, vl 0 3 R T i i, JU AR AL AR S5 40 10 5 R 0 8 a5 2 i Je
Hh R AL

KB maEmE PRI LA 2 R FRHE ; SMPLAR M IR

SMPL-guided human mesh reconstruction from incomplete point clouds

Zhou Min, An Ping’, Huang Xinpeng, Yang Chao
School of Communication and Information Engineering , Shanghai University, Shanghai 200444, China

Abstract: Objective Point cloud data has become a fundamental modality for human body modeling and pose estimation
because of their explicit and direct representation of 3D geometric structure. In contrast to image-based or volumetric meth-
ods, point clouds preserve raw geometric information without discretization or projective distortion, making them especially
suitable for capturing detailed surface characteristics. However, in practical acquisition scenarios, such as those using
consumer-grade LiDAR sensors or depth cameras, point clouds often suffer from substantial local missing regions caused by
sensor viewpoint limitations, object self-occlusions, and environmental obstructions. These incompleteness issues severely
degrade the completeness and accuracy of reconstruction, posing substantial challenges for downstream tasks such as ani-
mation, virtual try-on, or motion analysis. Moreover, as unstructured data with irregular sampling, point clouds lack

explicit connectivity information and exhibit permutation invariance. This inherent nature complicates the learning of con-
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tinuous surface geometry and topological connectivity of the human body, which is essential for recovering plausible shapes
and joint kinematics. Consequently, many existing approaches produce results with structural distortions, loss of fine-
grained details, or inaccurate pose predictions, especially around articulated regions such as elbows, knees, and shoul-
ders. Although recent deep learning models have made progress in processing point sets, they still struggle to maintain
structural coherence and geometric fidelity when handling highly incomplete inputs under complex articulations. There-
fore, methods that can infer missing geometry with strong contextual awareness and robust priors on human body shape and
mobility are still needed. Method To address these issues, we propose a novel method for human body reconstruction and
point cloud completion by leveraging the topological prior of the skinned multiperson linear (SMPL) model. Our approach
begins with a multiscale feature extraction module that incorporates per-point semantic awareness, enabling the network to
capture fine-grained details and broader contextual information. This module employs a combination of local geometric fea-
ture learners and hierarchical aggregation layers to enhance the understanding of structural patterns at various scales. By
integrating point-wise semantics during the feature learning process, it effectively encodes biological constraints into the
representation, thereby generating more discriminative and context-aware point cloud features that better preserve the natu-
ral articulation and proportionality of human body shapes. Based on this enriched feature representation, the parametric
mesh topology of the SMPL model guides the prediction of an initial deformable human skeleton. This step effectively regu-
larizes the structural reasoning in missing or incomplete regions by introducing strong anatomical constraints, considerably
alleviating topological ambiguities caused by severe data incompleteness, such as occlusions or large-scale scanning arti-
facts. The parametric model acts as a structural template that ensures biomechanically consistent predictions, even when
large portions of the input are absent. As a result, the proposed framework maintains robust performance under challenging
conditions, producing plausible human body proportions and pose-dependent shape variations that align with realistic ana-
tomical properties. Furthermore, we design a vertex offset-aware refinement module that learns spatial residuals between
the input sparse point cloud and the vertices of the predicted mesh through fine-grained alignment. This module operates in
a hierarchical manner, progressively correcting geometric discrepancies across multiple resolution levels. It utilizes a cas-
caded residual learner that first handles large-scale deformations and then gradually focuses on recovering subtle surface
details, such as muscle curves, sofi-tissue contours, and joint depressions, which are often lost in coarse reconstruction
stages. By iteratively aligning the predicted mesh with the observed points, our method achieves precise reconstruction of
detailed surface geometry with remarkably improved geometric fidelity. The final output is a high-fidelity and anatomically
plausible human body model, even when reconstructed from highly incomplete or noisy input data. Result Experimental
results demonstrate that the proposed method consistently outperforms existing approaches across the SURREAL and
AMASS datasets, highlighting its effectiveness and broad applicability. On the SURREAL dataset, the method reduces the
vertex-to-vertex reconstruction error by 4. 6%, setting a new state-of-the-art with a remarkable pose estimation accuracy of
16. 2 mm. This improvement not only reflects enhanced precision in capturing complex human motions but also indicates
stronger alignment with ground-truth data. Similarly, on the AMASS dataset, the approach achieves a considerably lower
Chamfer distance compared with current point cloud completion techniques, underscoring its ability to generate more geo-
metrically consistent and structurally accurate reconstructions. These outcomes across diverse datasets further validate the
strong generalization capacity and robustness of the proposed framework , suggesting its potential for real-world applications
where reliability under varying conditions is critical. Conclusion In conclusion, this work demonstrates that the effective
integration of SMPL’ s topological prior into the point cloud reconstruction pipeline leads to remarkable improvements in
reconstruction quality. This approach proves especially advantageous when dealing with unstructured and highly incom-
plete input data, where traditional methods often struggle to produce plausible results. By leveraging the strong semantic
and structural constraints provided by the SMPL model, our method enhances detail recovery, ensures improved shape con-
sistency, and reduces artifacts in challenging scenarios. These findings highlight the value of incorporating semantic priors
in geometric reconstruction tasks and suggest promising directions for future research in robust 3D understanding and gen-
eration.
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Fig. 5 Diagram of offset-aware refine module ((a) offset-aware refine module; (b) center point cloud
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1.5 mEkmE

P4 PR L T4 AR A A il e 4 1) AR
RS = FHERR I AR . BART S, 4K sRECH
PR 0 2 oK« T o A0 2R L, RO S 2K I
T AR L T O AT AR 5 = 1 5 e
T OG0 A5 L AS 2 WA DR AN AR A ) ERf 1 o 38 e K
B ARACIX P ER 44015, 1 R BB A% [ B 2 T T R o
FESATHRPERE . FARH

L=AL, +AlL (7)

o, A, = 100 F1 A, = 1000 43 50l 42 il 100 55 453 2 A1 &
T AR AR, DA AT R A 2 AR A
2> Hir.

FE PR L T AL o A T A 2 B)
fefi HLRUAT R 422 T FL S SMPL A T00 A5, AT $2 7 A
PIEAR I S8 B P 5 TUT 415 iR e ) o 25 T3 T
] A H 1) 22 70 R SR W A0 DA it 3 B 2 iR 4 7
T FE A, AR SR FH 2 RO LR, 4 B RE 34
[E) 23R R A5 . 431 .1 723 F16 890 N Thi s . H
RIS I R 3 2 P00 T a5 -5 X6 I B S T A 22
() 719 L1 B B AL ZEL B8, 3 RE IO T AN [m] B B 1)
GRS RUE R BN oA A, FH TR Y 85 B Bedht 2 %o
AL SEMASR I . X 253 PR T AR
CANEI R R N 7 ST (B4 2 INR € TS
2L AR SR J LA 201, DA S 300 5 Jo a4 A
AR, BAR R

R
L= Aoy 2 | +

1

1 Sy
AR L

70 0.1
—_ g
Vi =V

1 &
Ay 2|

A, N, =431.N, =1723.N, =6 890 435l F2 /= A [A]

I}iz _ ViZ,gt (8)

1

SRR R SRR . VEFOR kB B 45
R N T Vi SRR R A LR T R AR R
XA A 70 25 i B Ok I AR R 2R K

AT AR L TR TR AR 2SS (1 A
RET, B R AR AR AT & & B ARz 3 2 200
AR R 1T 14 5T A 4525 M SMPL UL 45 Ok
PR A B, BAR

1 <a ol 2 1
L’:7,Z -1, +7;

S, TR SRR T AR A T G A A

Bio J) 2T T T 5 28 SMPL AL S #3145 1 ¢

REDEN A R I 2 D O AR5 S R Y 7

AN ()

2 THRER

2.1 HiRS

il R SN /A B I D U PN A €7
e ASCET A Z A B2 TR S SURREAL
(synthetic humans for real tasks) Fll AMASS (archive of
motion capture as surface shapes) SR T A S
AL S5 O EE AR

SURREAL %4l 45 5 T SMPL 2 i fb A\ AR,
ok BT B AR BT 24 100 T3 W iR S5 Y A
B, LS AT AR SL A 12 28 WL H H IS Sh A a1k
J¥ 9 e HXT R R E ] . 2 %5 VoteHMR (Liu 4%
2021) , A SCRABLIEIC T 10 3 W8 5 161 744 2 i
B BT 1 2 B ) o3 AN ZRgE D
G MBAUESE . HARN 4308 L [ 1 i O 4
AREEI A FR A B 25, DR BT SR A R A T S 2L
F1Ry ML 7R 3 v SR AR X 5 111 58 B A 25 U Fly SMIPLL A5 7Y



$31% /5 8H] /2026 £ 8 A

B, =F, B, B8/ SMPL3|I SMERE A AGERE

SHECE R VR AR5 1) B r

itk — L VPAG B AE LA VRS0 A T iz Ak e
I AR SCRTE AMASS BUla 48 E kAT 1 5 8 A i Pk
REMA . AT AMASS Bl SR 0 R AL &1 UAH A,
U, R B E AT S A 2 RO P S
H G 4145 SMPL R4 , Bl 5 = 44> . AMASS J&—
AR B2 S P SR 4 S ad 40 h Tt
A 11 0004~ 301E)F 4, i TE 1177 B b MR 55
300 Z R AR AR & 4281 . #HEST SURREAL,
AMASS TR ZFEME BV R A R Sty T o
BARS . FFX AMASS 048 4R | A8 S 5 i A5 i 2B
o R 1 3D AR A ASE AR [ 5S40 R A ALY
YRR AT 22 AR RO, AR B TR B R
P I B TR B TR 2 Ak o B, B Zepty 13
T BT 5519 AMASS-Point 54 4

%, SURREAL s = £ds 46 40 & 10 54
FEAS, Il R85 7 T3 A~ AR 1 A Bk gE 2 )7
A~ 5 AMASS-Point 48 £ 240 5 4 J7 AN HEAS A
LS BIEEL 50004 o ZEEHE BRI L FEE
RIYE G AT i i 72 43 U 25 5 S0k, Ry 5 40000 4R
AR I HRHE T A S
2.2 XWERE

A S5 56 Y FEE 45 NVIDIA RTX4090GPU 14 75
PERETHR P & L T, YRl fE b iR /N &y
32, BRI SR B 5 BN 400, AL 2% 2R H Adam, H:
WA 27 > % E R 0,001, 3 B4 2 3 % A
(warmup ) W2 FEWE , B o B RR 22 20 M FE IR, LURR
SE VISR BE B 8T . 24 2] R R ECR 0. 98,

PRS2 vA R g W I S 154 5 S S =y 53
DA R AT B B 24 38 X 1% hy 256, LA (455 AU 7E
fEFE ORI 25 ) (5 8 4 A ik me 1. Bboh It
ST AR () i A2 4 B R 2 048 ¢

PR PRE LT, ARSI AR LB AT
To 5 T AR G () AR R 100, 675 0 28 (N)
HH 1000, N T P FABAITE 2 RE T Y
JUAr] — 8ot , 22 RUBE T A5 o0 i 2k i A EE 43 i
Ao=0.33.\,=0.33.\,=0.33,

AP R B S 22,0 M, FE B EK
NVIDIA RTX 4090 GPU | (15 ¥ 8 it 4fi B 15} 7] Sy
19. 6 ms (2 51 Wi/s) , Ir A3 256 34 KL T PyTorch HEZE
SEEL, R SR AR A BT A | Ak ok TensorRT 5 i 3 £7
ARo A FRROR T L PR Sh VR $1 45 o St

I S e oK AR T 7 ARG S AR 2 E] Y
R A1 .
2.3 SURREAL¥IEEEREER

ARSI B AR i A B R i 5 AT A
FERN G, IF AR AT A SMPL 2 80tk A AR AR R 3 b 2%
F R AR TR o ARG s = 42 AT 55 F 2T IL
fAr e VAN ], AR SO AGE SKIE AR I 8 BRPE | B
SR AN LS R 5 SMPL BEALZ Al 4R Fh— bk . ixX
Pl —SME B E #4225 0 S s TS - B WIH Y
NARIE X, Rt B4 w5y A e o R 1
SMPL X % 155 18U | 1fif Jo 75 )5 £ 52 2% ) B I o A2 T
AE

R, A SCAE AN 4 i A 5] A SMPL AR AU 7
SCHIAR NI AR B (TS SR 3 0C R ) A A Ak 2
FIRBRAEIR 200 . 2SI AN ARG B & 1A
B AR R AR T BN R T X8, I R S T R
NARGER A A BN 4, B 3T T H i v P
MEEHEEE, E A2 i R Y R AE SMPL iR JE
23 [P, T3 7 vk e g A o B EL L An] 5 38 1 S0 2
FFD— B S s A5 TR AR 55 (284
T B ERNAE) B A .

SEH R SMPL 4R G530 19 51 A N skt A =
F M PRI TR ) AR 51 S (HBITY BB S 7E B
Z 2015 B AU IE O T AR A AARSE #4155 B ik
JRRE ) o HZAE M SR S (Bl 6(b)) Al H %R
Pk B 18 SC—F0 i SMPL RIAZHERY ([ 6(c) ),
YAk T A SO AR S5 M e 5 1R SCERIR T T A
Rk

WAL AR SCHE Z R AAR SRS = iR
XTETHR VA AT T AT I, DAgS ik e 5
fhiedr. 7R T 6 AL HA T EH=E5 A, W

(a) BRR A 2 (b) LR

(c) SMPLI##%
K16 7t SURREALJIAHE SMPL [ B 4521
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Table 1 3D human reconstruction experimental results on SURREAL dataset
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