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Abstract. The representation of 3D clothed humans as standardized 2D
UV texture and displacement maps over an underlying body model has
long been studied. This compact representation is enticing as it enables
pretrained image networks to process, generate, and edit 3D avatars, but
is only useful if scans are accurately aligned and brought into correspon-
dence via high-fidelity registration. This prerequisite has never been met,
which we argue explains the limited quality of prior UV-based methods
for clothed humans. Despite its significance, no public method produces
high-fidelity SMPL(—X)+D registrations with UV texture from arbitrary
clothed scans. We present AvaImg, a multi-stage optimization pipeline, to
close this gap: it enforces body-inside-clothing constraint via signed wind-
ing numbers, made viable by a three-level efficiency cascade (~10x run-
time reduced, ~95% storage saved), and recovers fine surface detail using
coarse-to-fine displacement optimization. AvaImg outperforms all base-
lines in body fitting, shape estimation, and surface registration across
six datasets, yielding textured registrations near-indistinguishable from
scans (PSNR=34.48dB). For validation of AvaImg’s Avatar-as-Image rep-
resentation as imminently compatible with image foundation models, we
auto-encode our UV maps via the frozen FLUX VAE. This achieves only
0.76mm added Chamfer error relative to scan and shows that the result-
ing maps lie within natural-image distributions, supporting the use of 2D
generative priors for 3D avatar generation. Code, data, and Singularity
containers will be publicly released.
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1 Introduction

High-fidelity digital doubles of clothed humans are integral to virtual reality,
gaming, telepresence, and generative content creation. Parametric human body
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Fig. 1: Applications enabled by AvaImg. Because all registrations share SMPL(—X)
parameter space and a coherent UV layout, our output directly supports re-animation,
texture editing and transfer, shape editing, dense correspondence, and material editing.

models like SMPL(—X) have long been the backbone of digital human
modeling. Historically, learning these body and clothing models relied on high-
quality registration pipelines, pertaining from SMPL and Dyna to Cloth-
Cap and BuFF . Concurrently, 2D generative Al—particularly large-scale
diffusion models —has produced powerful visual priors per training on billions
of images. Applying these 2D priors to 3D clothed human generation , texture
synthesis , and editing is thus a central goal of the field today.

To bridge the gap between 3D geometry and 2D generative models, a natural
and established approach is to represent 3D clothed humans as standard 2D im-
ages. Since parametric body models such as SMPL(—X) share UV layout across
instances, the geometry and appearance of a dressed human can be coherently
unrolled onto UV texture and displacement maps. These define standardized im-
ages where the same pixel always corresponds to the same anatomical location,
non-pertaining to subject. This Avatar-As-Image concept is appealing: off-the-
shelf image networks and diffusion models can utilize it to directly process, edit,
and generate 3D humans without specialized 3D architectures . How-
ever, previous attempts at UV-based clothed human modeling have yielded poor
results, as the prerequisite for quality was never met: the fidelity of UV maps was
limited by the accuracy of the underlying 3D registration. When fitted mesh de-
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viates from scan surface, the unwrapped UV images inherit every geometric and
texture artifact; generative models trained on such data cannot learn physically
meaningful priors.

Concurrently, robust public frameworks capable of registering clothed scans
to a unified topology with UV texture are largely unavailable. The only publicly
available tool is RVH-Mesh-Registration (RMR) [446], which supports neither
SMPL—X nor UV texture mapping, and uses an unsigned distance metric which
cannot distinguish whether the body approaches the scan from the in- or outside.
Furthermore, the “ground-truth” registrations shipped with established datasets
(BuFF [47], THuman [46], and 2K2K [16]) demonstrate pervasive body-clothing
interpenetration. Irrespective of the underlying cause, be it unsigned distances,
unreliable surface normals, or otherwise insufficient containment heuristics, the
observable result is physically corrupt reference data. Learning-based registration
methods [14}23,28| could in principle address this at scale, but they themselves
require high-quality, accurate registrations for training, constituting a chicken-
and-egg problem only optimization-based pipelines can break.

We present Avalmg, a multi-stage optimization pipeline which closes this reg-
istration gap to make the established Avatar-As-Image concept practically viable.
Contrary to prior pipelines relying on surface normals to resolve body-clothing
sidedness [32,/47], AvaImg enforces body-inside-clothing containment via signed
winding numbers [19] that facilitate volumetric inside/outside testing robust to
noisy or open scan surfaces—regions where normals may often fail. A three-level
efficiency cascade (scan decimation, precomputed voxel grids, winding band re-
duction) reduces runtime by ~10x and storage by ~95%; enabling applicability
at dataset scale. Robust multi-view 3D keypoint lifting via multi-layered pose-
outlier suppression provides reliable pose initialization across also non-standard
configurations, and a coarse-to-fine displacement formulation with fourth-power
edge coupling at high resolution recovers sub-centimeter geometric detail, which
frequently surpasses fidelity of dataset ground-truth. Our pipeline handles real-
world scan imperfections (noise, missing regions, broken extremities) based on
SMPL(—X) manifold prior and adaptive region-based constraints, and operates
reliably across datasets of widely varying scan quality. Our scan-faithful registra-
tion achieves a clean Avatar-As-Image representation viable for image generative
models, for which we validate immediate compatibility by encoding and decod-
ing AvaImg’s UV maps through the frozen VAE of FLUX |8§|, which accumulates
only 0.76mm Chamfer error over scan without retraining—thus confirming the
maps lie within natural-image distributions. AvaImg’s coherent topology enables
examples of texture transfer, appearance editing and reanimation, as showcased
in Figure [I] The entire pipeline will be released as a self-contained package via
Singularity containers for end-to-end deployment without need for manual de-
pendency management. In summary, our contributions are:

— AvalImg, a multi-stage optimization pipeline for high-fidelity SMPL(—X)+D
registration with UV texture mapping, supporting arbitrary clothed human
scans, including noisy and incomplete real-world captures. Code, data, and
Singularity containers will be publicly released.
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— Efficient signed winding numbers for physics-aware body fitting, replac-
ing surface-normal sidedness heuristics of prior works with a robust volumet-
ric containment constraint, made practical at dataset scale via a three-level
efficiency cascade that reduces runtime by ~10x and storage by ~95%.

— A validation for direct compatibility of AvaImg’s attained Avatar-As-Image
representation with off-the-shelf image generative models, shown by success-
ful encode-decode through a frozen diffusion VAE, confirming its UV texture
and displacement maps reside within natural-image distributions.

2 Related Work

2.1 Clothed Human Registration

Registration of a parametric body model Table 1: AvaImg introduces conjoined
to clothed 3D scans revolves around a cou- capacity for body fitting, surface regis-
pled pair of objectives: naked body fitting tration, and texture mapping.

beneath clothing, and the capture of outer Body

R ; . Method Surface Texture
clothing surface in form of per-vertex dis- Fitting Registration Mapping
placement (SMPL(—X)+D). Arteq [14] v x x
Body Fitting. SMPLify [9] and SMPLify- ;E;Cl}\ll |t2‘|ﬂ5 5 :5 :

X |31] both fit body parameters from 2D Lo;p%eg G v v X
joint detections via optimization, but are PTF (38| v v X
sensitive towards initialization. Learning- Ours v v v

based alternatives (LVD [13|, ArtEq |14],

ETCH |23]) are faster and more robust to pose variation, however, remain body-
centric: they recover the naked body skeleton and shape without capturing cloth-
ing geometry or texture.

Clothed Surface Registration. ClothCap [32] and BuFF [47] register SMPL
+D to 4D scan sequences by using surface normals or temporal fusion to resolve
body-clothing sidedness, but both require multi-frame input and are not publicly
available. RVH-Mesh-Registration (RMR) [4], the only public tool, uses unsigned
distances, produces no texture, and is limited up to SMPL+H. Despite offering
increase to robustness (at a higher computational cost), volumetric containment
approaches, such as signed winding numbers [19], are not leveraged by existing
tools |4]. Learning-based methods (IPNet [5], PTF [38], NICP [28|, LoopReg [6])
can produce SMPL+D registrations, yet all require ground-truth registrations for
training, which amounts to a chicken-and-egg problem when those registrations
themselves contain artifacts. No publicly available pipeline currently yields both
strict body containment and high-fidelity SMPL(—X)+D registrations with UV
texture mapping from arbitrary single-frame clothed scans; AvaImg fills this gap.

2.2 2D Representations for 3D Humans

Representation of clothed 3D humans in UV space of parametric body models has
been well explored. Early work showed SMPL UV maps can capture both texture
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Fig. 2: Method Overview. Given a clothed 3D scan, AvaImg proceeds in four stages:
(1) multi-view keypoint lifting for robust pose initialization, (2) physics-aware body
fitting via efficient signed winding numbers, (3) coarse-to-fine displacement optimiza-
tion for fine surface detail, and (4) remapping into 2D texture and displacement maps.

and geometry from images or video , framing shape regression as
image-to-image translation in UV space [3] or predicting full 360° textures from
partial observations . These same UV maps are presently standard for neural
rendering and dynamic character animation , where motion-
dependent appearance is generated directly in texture space. Recent UV-space
methods include SMPLitex , Paint-It , SCULPT and Chaudhuri et
al. , while encoding 3D geometry as 2D images to leverage diffusion priors is
an emerging trend for general objects and clothed humans .

All methods above are limited by registration quality: without high-fidelity
SMPL(—X)+D meshes, resulting UV maps inherit geometric artifacts and tex-
ture misalignment. AvaImg addresses this bottleneck by producing registrations
whose UV maps can be imminently consumed by pretrained image VAEs |8] and
diffusion models without modification.

3 Method

Given only a raw 3D scan § = {v, f, v;} with vertices v, faces f, and UV coordi-
nates vy, AvaImg produces a SMPL(—X)+D registration M (v, 8, 60,v, D) paired
with UV texture and displacement maps that jointly define the Avatar-As-Image
representation. Three coupled challenges must be resolved for high-fidelity regis-
tration: robust pose initialization, naked body fitting below occluding clothing,
and complex clothing surface capture.

Two design principles guide every stage of our pipeline. Coarse-to-fine Opti-
mization: we constrain heavily at earlier stages to steer away from local minima,
then progressively relax constraints to recover fine detail. Innate Robustness: we
leverage the SMPL(—X) topology itself as a smooth, complete manifold prior,
which grounds regularization across scan noise, lacking geometry and merged
self-contact regions to produce clean, consistent meshes.
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3.1 Robust Pose Initialization

Pose estimation constitutes our pipeline’s foundation: errors here onwards prop-
agate irrecoverably across all subsequent stages. Initializing via mean pose, as in
prior work [7], routinely traps the optimization in local minima on non-standard
configurations, such as raised arms or crossed legs. Instead, we lift reliable 3D
joint targets from the scan itself, providing scan-specific initialization.

Scan Normalization. To handle heterogeneous datasets from widely varying
coordinate frames, we normalize each scan to gendered SMPL(—X) via a height-
based scale factor and centroid translation.

Multi-View Keypoint Lifting. Per textured scan, we render 72 views across 3
elevation levels with full azimuth coverage using PyTorch3D [34]. OpenPose [10]
is employed to detect 137 keypoints with respective confidence scores per view.
We perform multi-view bundle adjustment to triangulate detected keypoints into
3D joint locations, during which we apply three layers of outlier suppression: the
outlier robust L1-norm, squaring of the confidence scores, and a hard threshold of
0.3 to zero out unreliable keypoints entirely. To eliminate any inconveniency due
to OpenPose runtime compilation, we will provide an end-to-end GPU-friendly
Singularity container for user-friendly deployment of our AvaImg pipeline.
SMPL(—X) Pose Optimization. The triangulated targets form a joint-fitting
loss £;, which is minimized alongside a shape prior £z and a pose prior Ly [31].
Following the coarse-to-fine principle, we stage the optimization in three phases:
(1) global orientation, head, shoulders, and right foot; (2) all body joints; (3) full
SMPL(—X) including hands and facial expression. This schedule yields a robust
pose that serves as reliable initialization for body fitting.

3.2 Physics-Aware Fitting with Efficient Winding Numbers

With pose established, we optimize all SMPL(—X) body parameters to situate
the naked body beneath clothing; a task complicated by absence of direct obser-
vation. Minimizing raw distance between the SMPL(—X) and scan surface com-
monly finds solution penetrating the clothing outwards as mean to near topology.
This is precisely the artifact observed in existing dataset ground truth [16}(18//49]
and publicly available registration tools.

Inside-Outside Constraint via Signed Winding Numbers. We exploit the
physical fact that a body is always enclosed by its clothing. Generalized winding
numbers [19] are calculated on a volumetric basis, contrary to surface-normal or
ray-casting approaches, which are vulnerable to noisy or non-watertight meshes.
This sensitivity may result in erroneous labeling of internal points as external
and thus cause body collapse or otherwise capricious behavior during fitting. To
mitigate pipeline robustness to cases of open topology, we apply winding numbers
as method of sign computation, where query points are classified relative to static
scan mesh as inside (+1) or outside (—1) scan surface. We incorporate this sign
into the mesh-to-scan (m2s) distance loss and apply a parametric ReLU:

Ed = pReLU(p(diStsigned—mQS(Sv M(’Y? ﬁa 9, ¢)))) i (1)
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where p is the Geman-McClure robust function. The pReLLU applies asymmetric
weighting to the signed distances: body vertices inside of scan clothing receive a
mild penalty, while vertices that have escaped outside incur an amplified price,
producing a steep, differentiable barrier against penetration, only firmly enforce-
able due to reliable sign classification. The full objective retains £;, £, and Ly,
with prior weight annealed over time to gradually free body from constraint.
Efficient Winding Computation. Naive compute of generalized winding num-
bers is O(nquery X Miaces), prohibitive on high-polygon scans such as 2K2K [16]
(100k—200k faces). We introduce a three-level efficiency cascade that makes the
physics constraint practical at dataset scale. First, the scan mesh is decimated to
approximately 10% of its original face count (min. 40k) for winding computation.
Second, winding numbers are precomputed on a dense voxel grid (5 mm) around
the decimation bounding box and are thresholded to a binary (41) field. Dur-
ing optimization, classifying a body vertex thus requires only a nearest-neighbor
look-up. Third, we apply winding band reduction: only boundary voxels (those
whose 7 nearest neighbors include a sign change) are retained; the remaining
~95% of the voxel grid is discarded, such that both storage and query time are
reduced by roughly an order of magnitude.

3.3 Progressive Refinement: From Coarse Body to Fine Detail

Body fitting recovers the underlying body shape but not exterior scan surface:
geometric structure, folds, wrinkles, and hair that define visual appearance. We
capture these via per-vertex displacements D in a two-pass coarse-to-fine scheme,
embodying the progressive refinement principle at mesh resolution level.
Low-Resolution Displacement. With the body now correctly positioned in-
side the scan and not our focus anymore, the penetration constraint is no longer
needed. We switch to unsigned data terms and optimize free vertex positions vgee
stemming from the SMPL(—X) body mesh, and introduce further loss terms for
optimization. £, penalizes the difference between displacements in posed and
canonical (unposed) space, promoting topology independence from articulation.
L. is an edge-coupling loss that penalizes edge-length deviations from the non-
displaced body, with weighting assigned per select region of bone-based skinning
weights of SMPL(—X), restricting deformation in specified areas (e.g. hands).
L, applies cotangent Laplacian smoothing to suppress displacement noise, where
weights are assigned by employ of designed vertex maps. Scheduled weight an-
nealing allows the mesh to initially capture the global silhouette under stronger
regularization, then relaxes to fit finer deforms.

High-Resolution Displacement. The low-resolution displaced mesh is smooth
subdivided via Loop subdivision [25], approximately quadrupling the face count.
Now on high-resolution mesh, a second displacement pass parallel to the one prior
recovers fine surface detail via three targeted modifications.

First, the data term switches to unsigned s2m only, directing the mesh toward
the outer scan clothing surface without bidirectional pull, where the data adap-
tive multiplier progressively increases and tightens scan adherence. Second, the
edge-coupling term L. is additionally squared, which produces a loss at a flatter
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basin but steeper sidewalls: small mesh deviations snap towards high-frequency
geometry shifts (e.g. folds, cloth edges, heels) while maintaining overall consis-
tent topology. Third, alterations to region-dependent weights explicitly mitigate
where fine structures are perceptually critical and likely otherwise maladaptive.
Per experiments in Sections we substantiate that our achieved level
of geometric fidelity frequently surpasses that of comparable baselines, and can
even compensate noise and lack of scan geometric completion via leverage of
SMPL(—X) topology as manifold prior (Sec. —enabling AvaImg to operate
reliably across datasets of largely variable scan quality.

3.4 The Avatar-As-Image Representation

The preceding stages yield a high-quality SMPL(—X)+D registration with canon-
ical UV mapping shared across all subjects. To achieve Avatar-As-Image repre-
sentation, we convert each registration into a pair of standardized images: a UV
texture and a UV displacement map per SMPL(—X) UV space, where the same
pixel always corresponds to the same anatomical location irrespective of subject.
This semantic alignment facilitates the maps as suitable training data for image
generative models with no additional alignment or preprocessing.
Precomputed UV Lookup Maps. We precompute an f-map and a b-map
at target image resolution. The f-map specifies which high-res SMPL(—X) UV
face each pixel at resolution places within; and the b-map stores the barycentric
coordinates of said pixel within respective face. Both maps depend only on the
SMPL(—X) UV topology, not on the scan, and are therefore computed once and
reused for all subjects. Changing the output resolution (e.g. 5122 — 40962) or
switching the SMPL(—X) body model variant requires only one-time computa-
tion of these lightweight lookup maps.
Texture and Displacement Transfer. For each resolution pixel, the f-map
and b-map are used to locate the corresponding 3D point on the high-resolution
registered mesh; from which we identify the nearest scan surface point, express
it in barycentric coordinates within the closest scan face, and bilinearly sample
the scan’s color at the corresponding scan UV location. Pixels without coverage
are filled in by morphological inpainting. Scans with vertex colors instead of
textures interpolate color directly from the nearest scan vertices. Applying the
same procedure to per-vertex displacements yields the UV displacement map.
Together, UV texture and displacement maps constitute a complete Avatar-
As-Image representation. In Section[£.4] we validate they encode-decode through
the frozen VAE of a pretrained image diffusion model at high fidelity without any
fine-tuning, confirming their readiness as training data for generative models.

4 Experiments

4.1 Evaluation Benchmarks

We evaluate AvaImg across six public scan datasets spanning diverse body shapes,
poses, and clothing styles: 4D-Dress [39] (47 subjects), BuFF [47] (26), CAPE [27]
(40), THuman2.1 [46] (20), 2K2K [16] (20), and CustomHuman [18] (20).
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Fig. 3: Comparison with dataset ground truth. Body fitting overlaid on clothed
scan surface across five datasets (penetrating vertices highlighted in red). The dataset
GT fits exhibit pervasive penetration across the entire body, while ours keep the body
enclosed within the clothing (Tab. [2)). Zoomed insets show that dataset GT produces
bent, misaligned feet and stiff finger articulation, while our method recovers anatomi-
cally plausible poses and handles noisy hand geometry.

We assess four complementary aspects of registration quality: Body fitting
is evaluated on the first three datasets via penetration rate (% of body vertices
outside scan surface), penetration depth (mean distance of penetrating vertices to
scan surface), and scan prozimity (mean SMPL(—X) to scan distance) Proximity
alone is an insufficient metric, as a body that penetrates the clothing achieves de-
ceptively low distance while being physically implausible. The three body fitting
metrics must therefore be interpreted jointly, where low proximity is meaningful
only when met by low penetration rate and depth. Shape estimation is eval-
uated on BuFF—which uniquely provides ground-truth minimal-clothing body
scans—via bidirectional Chamfer distance in T-pose after Procrustes alignment.
Surface registration measures the bidirectional Chamfer distance between the
registered SMPL(—X)+D mesh and the input scan. Texture registration is
assessed via multiview rendering PSNR between original scans and textured reg-
istrations; we additionally report the Fréchet Inception Distance (FID) as a
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Table 2: Body fitting vs. dataset ground truth. Metrics over scan proximity,
penetration rate and penetration depth of dataset-provided “ground-truth” SMPL(—X)
fits vs. ours, as evaluated on five public datasets. Our body-fits consistently achieve
lower penetration metrics, indicating more accurate body-under-clothing estimation.

Method 2K2K |16 THuman2.1 |[46] CustomHuman [18] CAPE |27| 4D-Dress [39] Overall

Prox. (mm) | Dataset GT 19.5+3.9 9.2+1.7 9.9+2.0 6.8+5.4 12.142.7 11.84+4.7
: Ours 12.9+2.9 10.0+1.8 11.34+4.4 8.7+1.0 12.0+2.9 11.4+3.2
Pene. R. (%) | Dataset GT 33.6+9.5 26.2+4.6 33.3+5.7 50.6+7.7 20.9+3.6 28.2+11.3
16 - (70 Ours 10.0+3.2 15.9+4.2 16.1+6.9 21.4+45.6 14.2+5.2 15.0+6.0
Pene. D. (mm) | Dataset GT 14.5+4.5 5.0£1.0 6.0£1.1 7.4+6.5 4.7+0.8 6.4+4.3
o Ours 2.1+0.4 3.1+0.4 4.2+0.8 3.6+0.5 3.440.4 3.4+0.7

distributional similarity measure. All quantitative results are summarized in Ta-
ble 3] We validate AvaImg’s representational UV map compatibility with latent
diffusion models through a VAE roundtrip experiment (Sec. , and provide
ablation studies of our key design choices (Sec. [4.5)).

4.2 Comparison with Dataset Ground Truth

Several established scan datasets ship “ground-truth” SMPL(—X) registrations
alongside their raw scans. We have observed that the provided body-fits exhibit
systematic artifacts: fitted body mesh frequently penetrates the clothing surface,
hand poses are inaccurate due to weak constraints on articulated extremities, and
foot alignment is fickle, particularly in CAPE, where open scan surfaces at feet
soles provide no geometric anchor (Fig.|3). These are not simply minor cosmetic
issues: any downstream method trained on penetrating body-fits obtains a phys-
ically impossible prior, and shape estimation benchmarks that evaluate against
such registrations risk rewarding methods that replicate the same artifacts.
Improved Body Fitting. By enforcing strict body-inside-clothing containment
via signed winding numbers (Sec. , AvaImg eliminates the penetration arti-
facts present in dataset ground truth. Table 2] quantifies this across five datasets:
the average penetration rate drops from 28.2% (dataset GT) to 15.0% (ours),
and the average penetration depth decreases from 6.4mm to 3.4 mm, while
maintaining comparable scan proximity (11.4mm vs. 11.8 mm). The improve-
ment is most striking on 2K2K, where penetration rate decreases from 33.6% to
10.0%, and on CAPE, where it drops from 50.6% to 21.4% in spite of challenging
open regions. Our improved fittings can serve as higher-quality training data for
learning-based methods [23}28], breaking the circular dependency (chicken-and-
egg problem) identified in Section

Robustness to Scan Imperfections. Beyond the quality of the registrations
themselves, the input scans are frequently imperfect: e.g. BuFF and THuman
contain noisy hand geometry, incomplete surface coverage, and missing body
regions. Nalve surface fitting propagates these defects into the output mesh, yet
AvaImg naturally handles such artifacts due to the SMPL(—X) parametric model
acting as a strong anatomical prior: the body manifold constrains hands, faces,
and extremities to plausible configurations, while the coarse-to-fine displacement
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Table 3: Quantitative comparison. Body Fitting: penetration rate, penetration
depth, and scan proximity. Shape Est.: bidirectional Chamfer distance of T-pose shape
to minimum clothing shape in BuFF [47]. Surf. Reg.: bidirectional Chamfer distance
between registration and scan. Tex. Reg.: multiview rendering PSNR between textured
registrations and original scans. Best in bold, second-best underlined.

Body Fitting Shape Est. Surf. Reg. Tex. Reg.
Method Pene. R. (%) | Pene. D. (mm) | Prox. (mm) | Chamfer (mm) | Chamfer (mm) | PSNR 1
IPNet [5] 44.5 25.93 23.41 9.95 8.61 —
ETCH |23 35.0 13.53 13.01 7.76 — —
NICP |28 54.6 12.98 12.03 8.84 3.06 —
PTF |38| 48.9 8.17 8.68 8.85 6.92
RMR |7] 43.2 7.80 8.60 10.54 3.42 —
Ours 19.8 3.62 9.47 7.72 2.62 34.48

scheme (Sec. captures underlying surface detail without overfitting to noise.
As a result, our registrations are often cleaner than the input scans in corrupted
regions: the parametric prior effectively denoises the geometry while preserving
faithful surface detail elsewhere (Fig. [4).

4.3 Comparison with State-of-the-Art

Body Fitting. We evaluate all methods that produce a naked body fit (ETCH
[23], IPNet [5], PTF [38], NICP |28], RMR [7], and ours) on the body fitting
metrics defined in Section across 4D-Dress (47 subjects), BuFF (26) and
CAPE (40). Table [3| presents the results. RMR and PTF achieve the lowest
scan proximity (8.60mm and 8.68 mm), yet nearly half of their body vertices
penetrate the clothing surface (43.3% and 48.9%, respectively).

In contrast, our method diminishes the penetration rate to 19.8%, roughly
half that of the next-best method (ETCH, 35.0%), with a penetration depth of
only 3.62 mm at maintain of competitive scan proximity (9.47 mm).

This demonstrates that our approach achieves a substantially better trade-off
between proximity and physical plausibility: the estimated body sticks close to
the clothing surface while remaining underneath it. Note that optimal proximity
is not zero: a correctly estimated naked body should maintain a physical offset
from the outer clothing surface. Crucially, our prevailing shape estimation on
BuFF (7.72 mm, Tab. , where ground-truth minimal-clothing body scans are
available, confirms that our method does not artificially shrink the body to avoid
penetration, but accurately recovers the true underlying body volume.

Surface Registration. We measure clothed surface reconstruction via bidirec-
tional Chamfer distance (100k surface samples per mesh) between SMPL(—X)+D
registration and input scan. We compare IPNet [5], PTF [38|, NICP [28], RMR [7],
and ours; ETCH is excluded as it produces only naked body parameters. As
shown in Table 3| (Surf. Reg.), our method achieves the lowest Chamfer distance
across all three datasets, with an overall mean of 2.62 mm, a 14% reduction over
the second-best method (NICP, 3.06 mm). Notably, our method also exhibits the
lowest variance (0=0.39 mm), indicating consistently accurate registrations irre-
spective of clothing type or body shape. The improvement is most pronounced
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Fig. 4: Texture registration and evaluation protocol. Original scan (left) vs. our
resulting textured registration (right); insets show clean recovery of lacking hand and
head geometry. Both are rendered from multiple viewpoints and compared via image
metrics (PSNR = 34.48 dB, Tab. [3).

on 4D-Dress (2.75 mm ours vs. 3.53 mm NICP), which contains the most diverse
clothing styles, suggesting that our approach generalizes better to challenging
garment geometries. Template-based methods (PTF, IPNet) lag behind, likely as
their fixed clothing topology limits ability to conform to diverse garment shapes.
Texture Registration. Beyond just geometry, our method produces complete
textured registration via remapping of scan appearance onto the SMPL(—X) UV
layout. To our knowledge, none of the publicly available baselines (IPNet, PTF,
NICP, RMR) support texture remapping, making a direct comparison infeasible.
As shown within Table (Tex. Reg.), our method achieves a multiview rendering
PSNR of 34.48 dB against original scans, confirming the high visual fidelity of
our textured registrations. In distributional terms, the FID between rendered
registrations and rendered scans is only 5.19, indicating the two image sets are
statistically near-indistinguishable. The low FID confirms our UV-based texture
mapping preserves fine appearance details (e.g. fabric patterns, color gradients)
with high fidelity, despite the topological transformation from the scan’s native
mesh to the SMPL(—X) UV parameterization.

4.4 Image-based Avatar Representation

Our successful realization of the Avatar-As-Image representation hinges upon a
key condition: the attained UV maps as produced by AvaImg being standardized
2D images, which pretrained generative models can both represent and process
imminently without modification. We verify this by passing our UV texture and
displacement maps through the frozen VAE of FLUX —With no fine-tuning—
and then measuring the reconstruction fidelity in both UV image space (PSNR,
SSIM, LPIPS [48]) and 3D geometry space (bidirectional Chamfer distance).
Table [ and Figure [f] confirm that both UV maps survive the roundtrip with
minimal degradation. Within 3D space, the VAE adds only 0.76 mm Chamfer
error (3.15mm — 3.91 mm). UV texture maps achieve a high 38.6 dB PSNR des-
ignating low texture atrophy, and displacement maps reconstruct with 4.98 mm
RMSE, well below the scale of feasibly represented clothing folds as per our sup-
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Scan Registration Decoded Latent Registration Decoded Latent Difference (5x)

a) 3D-Space Visualization b) UV-Space Visualization

Fig. 5: VAE roundtrip validation. (a) Original scan, AvaImg registration, and mesh
from VAE-decoded UV maps are visually near-indistinguishable. (b) Original UV maps,
VAE-reconstructed, and 5x amplified difference.

ported topology. In spite of the FLUX VAE being trained exclusively on natural
images, we recognize only little geometric and visual error.

These results signify that AvaImg’s UV maps lie within natural-image distri-
butions and are a ready-to-use input format for image generative architectures,
for which encoding-decoding have been shown to operate faithfully.

Table 4: VAE roundtrip fidelity. UV texture and displacement maps as encoded
and decoded through the frozen FLUX VAE [8| vs. scan: bidirectional Chamfer distance
and multiview rendering metrics (PSNR, SSIM, LPIPS), both measured against the
original scan. The VAE roundtrip adds only 0.76 mm Chamfer error.

UV Texture UV Disp. Spatial Spatial & Rendering vs. Scan
PSNR 1+ SSIM 1t RMSE (mm) | V2V (mm) | CD (mm)] PSNR 1 SSIM+ LPIPS |
Before VAE — — — — 3.15 34.48 0.995 0.006
After VAE 38.6 0.964 4.98 4.29 3.91 30.04 0.988 0.009

4.5 Ablation Study

We ablate three key design characteristics which constitute the AvaImg pipeline:
(1) signed vs. unsigned body fitting (Sec.[3.2), (2) coarse-to-fine refinement with
fourth-power edge-coupling (Sec. [3.3)), and (3) efficient winding computation via
decimation and winding band reduction (Sec. .
Signed vs. Unsigned Body Fitting. Our full method constrains body vertices
to remain inside of clothing surface by incorporating sign to mesh-to-scan dis-
tance via generalized winding numbers [19] (Sec.[3.2)), contrary to e.g. RMR’s [4]
employ of an unsigned metric (Sec. . To evaluate the importance of this con-
straint, we compare against an ablated variant which replaces the signed distance
term with a standard unsigned mesh-to-scan distance, identical to the data term
used by prior unsigned registration pipelines.

Figure[6] presents the comparison. Without signed winding numbers, the opti-
mizer has no means to distinguish whether the body approaches the scan surface
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TBuFF only (26 subj.; GT minimal body required).

Fig. 6: Ablation: signed vs. unsigned body fitting. Left: body mesh overlaid
with the clothed scan; unsigned distance drives the body through the clothing surface
(penetrating vertices in red), while our signed formulation keeps the body enclosed.
Right: quantitative comparison on 113 subjects (4D-Dress, BuFF, CAPE).

from inside or outside the clothing. As a result, the body mesh frequently pene-
trates through the scan surface to minimize distance, achieving a deceptively low
scan proximity at the expense of physical plausibility. With our signed distance
formulation, penetration rate drops from 40.7% to 19.8% and penetration depth
from 10.06 mm to 3.62 mm, while scan proximity remains comparable (9.74 mm
vs. 9.47 mm). The effect extends to shape estimation: on BuFF where ground-
truth minimal body shapes are available, shape-under-clothing Chamfer distance
drops from 11.95mm to 7.72 mm. This confirms that the signed distance con-
straint is the primary mechanism that prevents body—clothing collision and is
essential for physically plausible body estimation.

Progressive Refinement. We ablate the two-pass coarse-to-fine displacement
strategy (Sec. by comparing three variants on the same 113-subject evalu-
ation set: (i) low-res only: displacement optimization of original SMPL(—X)+D
mesh without subdivision; (ii) two-pass, squared coupling: applied Loop subdi-
vision followed by common squared edge-coupling loss (w.L.)?; and (iii) our full
method with fourth-power coupling (w.L.)* at high resolution. The low-res only
variant achieves a surface Chamfer distance of 3.15mm, as the limited vertex
count cannot represent high-frequency clothing detail. Adding subdivision with
squared coupling reduces the error to 2.75 mm (—13%), indicating that increased
mesh resolution is necessary but not sufficient. Switching to fourth-power cou-
pling (our full method) further lowers the Chamfer to 2.62 mm (—5%), as the
wider penalty basin allows the mesh to conform tighter to fine surface structures
instead of smoothing over them. Body fitting and shape metrics are identical
across all three variants, as only the clothed surface registration stage differs.
Decimation and Winding Band Reduction. We profiled the two accelera-
tion components of our efficient winding formulation (Sec. across decimation
levels with and without winding band reduction. Most notably, decimating a se-
lect large scan of ~370k faces down to 40k cuts winding computation time from
~2,400s to ~240s (~10x). The winding band reduction at cost of only ~70s
further accelerates body fitting from ~1,700s to ~240s (~7x), and facilitates
strong storage saving via decreases of ~70-100 MB to ~5 MB (up to 20x). Com-
bined, the physics-aware related stages drop from ~4,000s to ~540s (~7x)
runtime with no quality degradation.
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5 Conclusion

We presented AvaImg, a multi-stage optimization pipeline that yields high-fidelity
SMPL(—X)+D registrations with UV texture mapping from arbitrary clothed
human scans at varying source qualities. By enforcing strict body-inside-clothing
containment via efficient signed winding numbers per a three-level efficiency cas-
cade (~10x runtime reduced, ~95% storage saved), our method effectively elim-
inates interpenetration artifacts common in existing dataset ground truths and
public registration tools. Evaluations spanning six datasets confirm that AvaImg
consistently outperforms all state-of-the-art methods across body fitting, shape
estimation, and surface registration—with textured registrations nearly indis-
tinguishable from scans (PSNR=34.48dB). Furthermore, AvaImg’s resulting UV
maps can be seamlessly encoded-decoded through a frozen image diffusion VAE
with only 0.76 mm increased Chamfer error, validating that the maps lie within
natural-image distributions and that our registration pipeline successfully sup-
ports the Avatar-As-Image paradigm.

Limitations and Future Work. AvaImg’s primary representational limitations
stem from its base on SMPL(—X)+D, which bounds reconstructional ability on
loose or decoupled garments and can result in proximity-based association errors
in complex geometric regions. Self-contact zones are prone to texture bleeding,
and unposing previously bent joints can introduce topological indentations. The
full pipeline requires approximately 25 minutes per scan, spanning 3D joint esti-
mation, winding calculation, body and surface fitting, as well as texture mapping.
This defines it slower than feed-forward approaches, however, AvaImg rather tar-
gets one-time high-fidelity ground truth generation, which can serve as training
data for faster alternatives. Overcoming topological constraints and leveraging
the Avatar-As-Image format for training of latent image diffusion models for 3D
clothed humans remain promising directions for future work.
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