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Abstract

The rapid development of 3D Gaussian Splatting
(3DGS) has positioned efficient mesh extraction from
human-centered Gaussian representations as a critical
challenge in digital human research. Current meth-
ods mainly target at rigid scenes, and still struggle to
reconstruct high-quality meshes from vast, disordered
human Gaussians because of the visual blind spot of
2D reconstruction and fundamental barrier of Gaussian
representation. To address those two limitations, we
propose HGM, a self-refinement based unified human
mesh extraction framework based on the source Gaus-
sians themselves. Centered on human geometry, the op-
timization loop in the framework integrates 3D struc-
tural information with 2D appearance cues through
three key innovations: an epipolar-attention-guided dif-
fusion lifter that enhances multi-view appearance re-
finement when integrated into standard Gaussian ren-
derers; a geometry-aware depth estimator that gener-
ates accurate multi-view depth maps to improve recon-
struction precision and detail preservation; and a depth
and angle-guided adaptive optimizer that drives Gaus-
sian ellipsoids to closely conform to the human sur-
face for efficient extraction of smooth, detailed human
meshes with remarkable speed and scalability. This
joint self-optimization framework allows HGM to re-
construct fully editable, realistic human meshes in just
minutes, outperforming existing methods in both fidelity
and efficiency.

Keywords: Human Gaussian, 3D Gaussian Splatting,
Diffusion, Extract meshes.

1. Introduction

Reconstructing high-fidelity and photorealistic digital
humans [9, 33, 39] has long been a critical research topic in
computer vision and computer graphics, with broad appli-
cations in gaming, film production, and virtual/augmented
reality. Recently, the emergence of 3DGS [20] has attracted
significant attentions from researchers [36,40,52] due to the
substantially higher rendering quality and speed of 3DGS
than those of other techniques, such as Neural Radiance
Fields (NeRF) [31]. However, conventional mesh-based
scene representations [28, 39, 47] remain relatively mature
and serve as the industrial foundation for downstream tasks
such as scene editing, object interaction, animation gen-
eration, and relighting. Therefore, efficiently and accu-
rately extracting high-quality human meshes from 3DGS
can bridge the rendering advantages of 3DGS with practical
applications in existing tools.

Nevertheless, Gaussian distributions model scenes
through numerous discrete, unstructured ellipsoids, inher-
ently lacking explicit surface topology or continuous geo-
metric information. Additionally, Gaussians are typically
optimized for statistical accuracy rather than geometric pre-
cision, resulting in directly extracted geometry that often
lacks high fidelity.

Existing methods [5, 10, 35] achieve direct surface mod-
eling by binding Gaussians to mesh triangles. Subsequent
approaches, such as Animatable Gaussians [24] and Gaus-
sianAvatar [15], learn Gaussian properties from 2D images,
leveraging powerful 2D networks for realistic human mod-
eling. However, by relying solely on the SMPL [27] model
for guidance, these methods struggle to capture detailed
structural motion. They face two primary challenges in
practice. First, supervision from only 2D images or videos
leads to significant occluded regions, producing blurred and
incomplete Gaussian reconstructions. Second, converting
Gaussians to meshes often introduces artifacts due to the
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Figure 1. Example mesh extraction results from different methods. Note the superiority of HGM in reconstructing geometric structures
and texture details.

inherent volumetric and unstructured nature of Gaussians,
which hinders a precise alignment with the underlying sur-
face geometry.

As show in Figure 1, we proposed a self-refinement
based idea to tackle those limitations by optimizing the out
meshes based solely on the source Gaussians themselves.
In particular, it incorporates three tactics to overcome those
two limitations.

First, to address the first challenge on limited supervision
with stronger one, an epipolar attention [13, 18] and diffu-
sion [12, 14] guided lifter and a geometry-aware depth esti-
mator are proposed for enhanced high-quality multi-view
images and corresponding depth images. The lifter uti-
lizes an epipolar attention mechanism and a diffusion-based
image enhancer for augmented high-resolution multi-view
synthesis based on the standard Gaussian Splatting ren-
derer [45]. It delivers photorealistic and consistent results
across unconstrained viewpoints. The estimator takes the
SMPL-X [1] human template as strong geometric prior and
fuses with the appearance features of multi-view images, so
that accurate corresponding multi-view depth maps can be
obtained.

Second, to address the second challenge on fundamen-
tal barrier of Gaussian representation. An adaptive Gaus-
sian optimization module guided by the estimated multi-
view depth images and corresponding normal maps is pro-
posed for accurate geometry reconstruction. By utilizing
the enhanced images from the lifter, it facilitates accurate
alignment of the Gaussian distributions to the human sur-
faces [25], substantially increasing geometric fidelity.

This paper proposed three-stage self-refinement frame-
work, which performs Gaussian optimization and mesh ex-
traction, produces a well-optimized Gaussian representa-
tion. This representation is then utilized by a Truncated
Signed Distance Function (TSDF) to generate a clothed hu-
man mesh. The final mesh exhibits a smooth surface while

being rich in high-frequency details.
In summary, our main contributions are as follows:

• An epipolar-attention-guided diffusion lifter, which in-
tegrates epipolar attention mechanisms with diffusion
models to improve rendered multi-view images to be
high realistic and view-consistent.

• A geometry-aware depth estimator, which obtain an
accurate SMPL-X human template through multi-view
alignment optimization and utilize it as a geometric
prior to drive the depth estimation network for estimat-
ing multi-view depth maps.

• A self-refinement oriented depth and angle-guided
adaptive optimizer, which integrates multi-view depth
maps, multi-view RGB images, and the normal vectors
of Gaussian ellipsoids, and achieves topologically pre-
cise human mesh extraction with rich texture details
through adaptive optimization.

• Experimental results demonstrate the superiority of
our framework over existing methods. Notably, the
proposed modules can serve as independent plugins to
enhance other reconstruction pipelines.

2. Related Work

2.1. Mesh-based Human Reconstruction

Traditionally, the geometric representation of human vir-
tual avatars [28,39] has commonly employed explicit polyg-
onal meshes, a format highly compatible with the classical
graphics rendering pipeline. Existing studies leverage para-
metric human models, such as SMPL [1, 27] and optimize
the mesh deformation process to reconstruct human mesh
models. These methods can generate meshes with topology
consistent with the parametric model, ensuring compatibil-
ity with existing model libraries and enabling direct defor-



mation control via pose parameters. However, parametric
models are constrained by their predefined topology, which
limits their ability to represent complex clothing geometry
and visual effects. To address this limitation, another line
of research [7, 11, 50] focuses on modeling clothing as an
independent mesh layer separate from the body. Neverthe-
less, using a single predefined template mesh to model di-
verse body shapes and clothing remains challenging, par-
ticularly in achieving high-fidelity results with varying ma-
terials, folds, and topological changes. In contrast to tra-
ditional explicit polygonal mesh-based approaches that em-
phasize appearance modeling, our method is grounded in
implicit representation and employs Gaussian rendering for
high-quality modeling of both the human body and cloth-
ing.

2.2. NeRF-based Human Reconstruction

Implicit representation methods, particularly NeRF [9],
have achieved remarkable progress in 3D human recon-
struction due to their ability to model arbitrary topological
structures. Leveraging this advantage, NeRF and related
methods have been widely adopted for modeling clothed
humans in studies [3,33,34]. For instance, methods such as
Neural Body [34] [34], Animatable NeRF [33], and Neural
Actor [25] employ structured latent codes anchored to mesh
vertices as conditional inputs. While these approaches can
generate photorealistic novel views from sparse multi-view
videos, they still exhibit limitations in generalizing to un-
seen poses. On the other hand, UV Volumes [2] represents
dynamic humans using a combination of 3D UV volumes
and 2D neural textures, enabling high-fidelity rendering and
editing.

More recently, NeuS [42] introduced the integration of
SDF with volume rendering, pioneering the direct extrac-
tion of isosurfaces during optimization. Subsequent re-
search has explored various strategies to improve efficiency
and representation quality: Instant-NGP [32] adopted
multi-resolution hash encoding to reduce training time from
hours to minutes while maintaining visual quality; Plenox-
els [8] abandoned neural networks altogether by storing ra-
diance properties in sparse voxel grids, enabling real-time
differentiable rendering; and Neus2 [43] utilized a time-
varying SDF field to generate dynamic mesh sequences and
innovatively combined the optimization of NeRF with para-
metric meshes to support real-time rendering and editing.
Nevertheless, current NeRF-based methods still face several
challenges, including limited geometric accuracy in human
reconstruction, insufficient capability in modeling diverse
clothing, and weak adaptability to topological changes.

2.3. 3DGS-based Human Reconstruction

With the introduction of 3DGS [20], breakthrough
progress has been achieved in real-time high-quality neural

rendering. This method employs explicit and optimizable
3D Gaussian ellipsoids as fundamental units for scene rep-
resentation. Through efficient Splatting-based rendering, it
maintains high visual fidelity while significantly surpassing
the rendering speed of NeRF [9]. This capability has led to
its rapid adoption in the challenging task of dynamic human
avatar reconstruction.

As a pioneering work, 3DGS-Avatar [36] [36]introduced
the canonical space and deformation field paradigm. By
binding the deformation of Gaussians in canonical space
to the pose parameters of an SMPL model, it enabled
the reconstruction of high-quality, drivable human models
from sparse multi-view videos, preserving both the training
efficiency and rendering quality of 3DGS while address-
ing dynamic geometry modeling. Subsequently, Gaussian
Avatars [15] focused on high-fidelity head reconstruction
by introducing the concept of skinnable weights for Gaus-
sian units, allowing them to be directly driven by expres-
sion parameters of a FLAME [23] model and generating
photorealistic head avatars with pore-level details. Human-
Gaussian [26] drew inspiration from Instant-NGP’s multi-
resolution hash encoding and proposed a structured hash
Gaussian representation, reducing training time to minutes
and enhancing the rationality and stability of the represen-
tation by incorporating SMPL geometric priors to optimize
Gaussian spatial distribution. Gaustudio [48] further devel-
oped a comprehensive framework that systematically com-
pared different reconstruction strategies and explored edit-
ing functionalities based on explicit Gaussian representa-
tions. MeshGS [4] introduced an adaptive mesh-aligned
Gaussian Splatting method that achieves high-quality ren-
dering by aligning Gaussian distributions with mesh sur-
faces. HeadStudio [51] constructed a text-driven head
avatar generation framework that integrates 3D Gaussian
Splatting with efficient mesh deformation techniques, en-
abling controllable avatar animation through a geometric
manipulation pipeline.

Despite these methods significantly advancing the field
in terms of speed, quality, and controllability, current
3DGS-based dynamic human modeling still faces several
challenges. These include insufficient robustness to extreme
topological changes and rapid motion, limited physical in-
terpretability in Gaussian deformation, and unresolved dif-
ficulties in handling fine clothing materials and complex oc-
clusions.

3. Our Reconstruction Method

For any human 3D Gaussian representation, our method
(Figure 2) seeks to achieve the reconstruction of high-
fidelity geometry and textures through a path of self-
optimization, leveraging the properties of the Gaussians
themselves. The method integrates a triple-strategy for en-
hanced supervision: an epipolar-attention-guided diffusion
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Figure 2. HGM Pipeline: The method begins by obtaining a normalized Gaussian model and multi-view RGB images through the Gaussian
Preprocessing Module (a). Subsequently, the epipolar-attention-guided diffusion lifter (b) enhances the multi-view RGB images. These
enhanced images, combined with SMPL-X geometric priors, are then processed by the geometry-aware depth estimator (c) to generate
multi-view depth maps. Finally, the depth and angle-guided adaptive optimizer (d) iteratively refines the geometric representation of the
Gaussian model by integrating depth and normal information, ensuring it closely aligns with the realistic appearance characteristics of the
human body.

lifter, a geometry-aware depth estimator, and a depth and
angle-guided adaptive optimizer. The first two components
are responsible for generating enhanced multi-view images
and their corresponding depth maps, which serve as strong
supervisory signals to drive the optimizer for the refined re-
construction of the human model’s surface and texture.

In particular, given a human Gaussian representation, it
is first processed by a Gaussian preprocessing module to ob-
tain normalized Gaussian distributions and multi-view RGB
images rendered from specified viewpoints centered on the
human body (Section 3.1). Next, a shared image encoder in-
tegrated with an epipolar attention mechanism extracts fea-
tures from the multi-view RGB images. These features are
then enhanced by a diffusion model to produce refined im-
ages (Section 3.2). Subsequently, the enhanced images are
processed by an SMPL-X-based depth estimator to generate
corresponding depth maps (Section 3.3). Finally, the previ-
ously obtained depth maps and the normals derived from the
Gaussians themselves are utilized by a depth-normal adap-
tive optimizer. This optimizer iteratively integrates human
geometry information to progressively refine the geometric
representation of the Gaussians, ensuring a better alignment
with the realistic appearance characteristics of the human
body (Section 3.4).

3.1. Gaussian Preprocessing Module

For a given human Gaussian model, the pipeline be-
gins with a meticulously designed Gaussian pre-processing
module, which serves as the foundation for the en-
tire reconstruction workflow by providing normalized and
information-rich data. Normalization of the Gaussian dis-
tributions is critical in this stage. As Gaussian models from
different sources or states may exhibit significant dispari-
ties in their parameters (e.g., means, covariance matrices),
such variations can severely impact the accuracy and sta-
bility of subsequent processing steps. Therefore, we per-
form mean centralization and covariance scaling. Specifi-
cally, the mean of each Gaussian is shifted to the origin, and
the covariance matrix is scaled such that its eigenvalues fall
within a specified range. This normalization ensures that
all Gaussians reside in a standardized statistical space, fa-
cilitating unified processing and analysis. Let Gi = {µi,Σi}
represent the i-th Gaussian in the model, where µi is the
mean and Σi is the covariance matrix. The normalized pa-
rameters µ̂i and Σ̂i are computed by:

µ̂i =
µi−µglobal

σglobal
, Σ̂i =

Σi

λmax
(1)

where µglobal and σglobal are the global mean and standard
deviation of all Gaussian means; and λmax is the maximum
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Figure 3. Epipolar-attention-guided Diffusion Lifter: This moudle first enhances multi-view image features through an epipolar attention
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eigenvalue of the covariance matrix across the model.
Subsequently, rendering from multiple viewpoints is es-

sential for comprehensively capturing the subject’s appear-
ance. A set of virtual cameras {Cn}N

n=1 surrounding the sub-
ject are defined, so that coverage from back, posterior, and
oblique angles is fulfilled to minimize occlusions. Given
the normalized Gaussian model Ĝ, multi-view RGB images
{In}N

n=1 are rendered via a differential Gaussian Splatting
renderer R. The rendering process for a pixel p in view n
can be abstracted as:

{In}N
n=1 = R(p,{Cn}N

n=1, Ĝ). (2)

These rendered images provide a robust and comprehensive
data foundation for subsequent tasks such as image feature
extraction and depth estimation.

3.2. Epipolar-attention-guided Diffusion Lifter

Given N input images {In}N
n=1 and their corresponding

camera poses {Cn}N
n=1, due to the relative continuity of

the preset camera viewpoints, we can sequentially pair the
multi-view RGB images to construct stereo image pairs.
These image pairs are then fed into a shared image en-
coder Eimg to extract dense feature maps fs. This encoder
consists of multiple residual blocks and downsampling lay-
ers, which effectively preserve spatial structural information
and lay the foundation for subsequent correspondence fea-
ture search between the two views.

To further enhance the quality of the feature represen-
tation, we introduce an epipolar attention module at the
bottleneck features fS to achieve efficient information in-
teraction between the image pairs. Since the encoder Eimg
processes the left and right views independently, it often
struggles to extract features with high symmetry and dis-
criminative power in the absence of explicit supervision.

In contrast, the encoder Eatt is based on the epipolar atten-
tion mechanism and can significantly expand the receptive
field of the feature extractor. It can output features modeling
long-range dependencies and contextual information across
views. By explicitly incorporating epipolar geometric con-
straints, this module effectively enhances the discriminative
ability and robustness of the features, thereby mitigating the
common matching ambiguities in textureless and occluded
regions and improving the overall performance of subse-
quent depth estimation tasks.

Specifically, we first rearrange the feature maps fS into
H/2S epipolar line features fe ∈ RW/2S×DS

, and then apply
a multi-head self-attention mechanism along each epipolar
line. This process can be expressed as:

f̂k = MultiHeadAttention
(

Q = f k
e , K = fe, V = fe

)
(3)

where f k
e denotes the k-th epipolar line feature. The atten-

tion mechanism is calculated as follows:

Attention(Q,K,V ) = softmax
(

QKT
√

dk

)
V. (4)

The attention-enhanced line features { f̂k}
H/2S

k=1 undergo fea-
ture fusion and enhancement through a series of convolu-
tional operations. They are then progressively reconstructed
by a decoder composed of upsampling layers and convolu-
tional modules. Each upsampling stage incorporates shal-
low features transferred via skip connections to restore spa-
tial details and texture information. Finally, the decoder
outputs high-quality, view-consistent multi-view RGB im-
ages {În}N

n=1.
Generally, the rendering technique of 3DGS struggles to

achieve photorealistic materials. To address this, this pa-
per proposes an enhancement architecture based on a dif-
fusion model, integrating a Variational Autoencoder (VAE)



encoder, BLIP [22], and CLIP [37] models to achieve mul-
timodal information fusion. The network adopts a cas-
caded encode-diffuse-decode pipeline: The VAE encoder
first maps the input image into a latent representation; BLIP
generates descriptive text features t, while CLIP extracts se-
mantic embeddings; subsequently, the multimodal features
are fused and input into the diffusion model for denoising
and refinement.

As shown in Figure 3, the enhancement process utilizes
a pre-trained VAE encoder [30, 44] to map the attention-
enhanced images {În}N

n=1 into a low-dimensional latent
space, preserving key visual features while reducing com-
putational complexity. To improve image quality, BLIP
generates descriptive text prompts P related to the image
and camera viewpoint, and the CLIP text encoder extracts
their deep semantic information and projects it into the la-
tent space. The image latent representation and text seman-
tic features are then fused and jointly fed into a latent diffu-
sion model for denoising.

Within the latent space, a Denoising Diffusion Proba-
bilistic Model (DDPM) [14] is employed for progressive
refinement. During the forward diffusion process, Gaussian
noise is gradually added to the latent representation accord-
ing to a predefined noise schedule, perturbing its structural
information, expressed as:

q(zt | zt−1) = N
(

zt ;
√

1−βtzt−1,βt ,{În}N
n=1

)
(5)

where t is the diffusion timestep, and βt controls the amount
of noise at each step. During the reverse denoising process,
the denoising network predicts the noise based on the cur-
rent noisy latent variable zt , the time step t, and conditional
signals such as text features ct and image features ci. The
reverse transition is modeled as:

pθ (zt−1 | zt ,ct,ci) = N (zt−1; µθ (zt , t,ct,ci),Σθ (zt , t)) (6)

where µθ and Σθ are the mean and covariance predicted
by the denoising network, respectively. Through iterative
conditional denoising, a refined and detail-enhanced latent
representation is gradually recovered.

Furthermore, We use a Stable Diffusion-style U-Net
DDPM with 4 residual blocks and 16×16 attention layers.
The model, initialized from a public latent-diffusion check-
point, is fine-tuned on 30k multi-view RGB patches from
THuman2.0 using AdamW (lr=2× 10−4, wd=0.01) and a
combined L1-perceptual loss over 50 epochs. This DDPM
module remains fixed during HGM optimization and acts
only as a post-processing texture enhancer, without joint
training with 3D Gaussians.

Finally, the VAE decoder decodes the denoised latent
representation into a set of high-quality images {Io}N

o=1

3.3. Geometry-aware Depth Estimator

For a given Gaussian human model, this paper takes the
image Io=1 as the foundational input. For an accurate and
ergonomic 3D human representation, the regression-based
PyMAF-X [49] method is is employed to estimate a set
of SMPL-X model parameters from this single monocular
RGB image—including shape parameters β ∈ R200, pose
parameters θ ∈ R55, and expression parameters ψ ∈ R100,
thereby obtaining an initial, parametric SMPL-X standard-
ized human template Si. However, 3D geometry recovered
from a single viewpoint inherently suffers from ambigu-
ity, which can lead to implausible deformations in unseen
views.

To overcome this limitation, we fully leverage the 3D
consistency constraints embedded within the multi-view
image sequence {Io}N

o=1. Accordingly, the paper designs
an iterative optimization process: the initial template Si
is placed in 3D space, and using the PyTorch3D differen-
tiable renderer. Si is rendered into 2D semantic segmen-
tation maps or silhouette maps from each known camera
pose corresponding to view. Subsequently, these rendered
results are aligned and compared with their corresponding
input images, and the discrepancies between them are cal-
culated. This discrepancy is backpropagated through the
differentiable renderer, directly guiding gradient updates to
the SMPL-X model parameters (primarily the global pose
and shape parameters β ). The optimization objective at
each iteration can be summarized as minimizing the total
multi-view reprojection error:

Θ
∗ = argmin

Θ

N

∑
o=1

Lalign(Ro(S(Θ)), Io) (7)

where Θ∗ represents the SMPL-X parameters, and Lalign is
the alignment loss function (IoU and Chamfer Distance).
Through multiple iterations, the model S is continuously
adjusted until its 2D projections across all available view-
points achieve optimal alignment with the corresponding
input images, ultimately yielding a precise SMPL-X human
template S that is highly consistent with the multi-view im-
agery.

After obtaining the optimized and accurate human tem-
plate S, we utilize it as a strong geometric prior to drive sub-
sequent depth estimation tasks. The template S is rendered
into the corresponding camera view with the given accurate
camera parameters and then the associated SMPL-X depth
map {Do

s}N
o=1 is generated.

Finally, a depth estimation network Gd is constructed.
This network takes the concatenated RGB image Io and
its corresponding SMPL-X depth map {Do

s}N
o=1 as input.

Its design purpose is to enable the network, guided by the
strong prior of the known basic human geometry (provided
by {Do

s}N
o=1), to learn to infer the true surface depth of the
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Figure 4. Geometry-aware Depth Estimator: This module achieves high-fidelity human reconstruction by optimizing the SMPL-X human
template through multi-view constraints. The template is then used to drive the depth estimation network and finally adaptive optimization
is performed on the 3D Gaussian model with a multi-source loss function.

clothed human from RGB textures, lighting, and shadows.
The network Gd need parse and fuse information from these
two modalities, ultimately outputting a precise final depth
map {Do}N

o=1. The complete depth estimation process is
defined as:

Do = Gd(Io⊕Do
s ;Ω) (8)

where⊕ denotes the channel-wise concatenation operation,
and Ω represents the learnable parameters of the network
Gd . This process effectively combines the geometric con-
sistency of the parametric model with the detail-recovery
capability of the data-driven model, thereby achieving ro-
bust estimation of high-quality 3D depth information from
monocular images.

The loss function for our depth estimation need account
for the characteristics of geometric information (such as
scale sensitivity and geometric consistency). Therefore, the
following combination is used:

LD = Lpixel +λgradLgrad +λVGGLVGG (9)

where:
Lpixel = ∥Dc− D̂c∥1. (10)

This is the absolute difference loss between the ground truth
depth map D̂c and the predicted depth map Dc.

Lgrad = ∥∇x(Dc− D̂c)∥1 +∥∇y(Dc− D̂c)∥1. (11)

This loss enforces the predicted depth map to maintain gra-
dient similarity with the ground truth at edges, helping to
preserve clear geometric structures.

LVGG = ∥φ(D̂c)−φ(Dc)∥2 (12)

Here, φ is the feature extractor of a pre-trained VGG net-
work. The perceptual loss aids in recovering details and
improving visual quality.

Algorithm 1 Epipolar-attention Diffusion Lifter
Require:

1: Multi-view images: {In}N
n=1.

2: Camera poses: {Cn}N
n=1.

Ensure: Enhanced multi-view images: {Io}N
o=1.

3: for n = 1 to N do
4: f n

s ← Eimg(In) (Section 3.2).
5: end for
6: // Epipolar Attention
7: for k = 1 to H/2S do
8: f k

e ← Rearrange( fs,k).
9: f̂k←MultiHeadAttention( f k

e , fe, fe)( Eq. 3).
10: end for
11: // Diffusion Enhancement
12: {În}N

n=1← Decoder({ f̂k}).
13: z0← VAE Encoder({În}),ct ← CLIP(BLIP({În})).
14: for t = T down to 1 do
15: εθ ← Denoiser(zt , t,ct ,ci)( Eq. 5 and 6).
16: zt−1← ReverseStep(zt ,εθ ).
17: end for
18: {Io}N

o=1← VAE Decoder(z0).
19: return {Io}N

o=1.

3.4. Depth and Angle-guided Adaptive Optimizer

As is well known, 3DGS suffers from inherent short-
comings in the coupling of geometry and appearance: The
independent optimization of Gaussian covariance, color,
and opacity parameters often leads to local minima, result-
ing in missing thin human body structures, over-smoothed
surfaces, and blurred clothing boundaries. To fundamen-
tally mitigate these issues, this paper reformulates the
representation-observation alignment task as an iterative
optimization problem constrained by multi-source informa-
tion. The core idea is that, in each iteration, the Gaussian
parameters are simultaneously supervised by visual, geo-



metric, and semantic cues, enabling adaptive adjustments
to their spatial distribution, covariance shape, and spherical
harmonic coefficients. This ensures convergence to a state
that is both faithful to the multi-view inputs and exhibits
extractable geometric quality.

To obtain reliable geometric supervision, we employ a
Vision Transformer–based monocular depth estimator with
a multi-scale decoder, pre-trained on diverse indoor/outdoor
scenes and fine-tuned on metric depth rendered from THu-
man2.0 scans. Crucially, it predicts absolute depth in me-
ters(not relative values) and aligns end-to-end with the
3D Gaussian coordinate system via an explicit camera-
intrinsics embedding. The resulting depth maps Do

N
o=1

serve as strong geometric constraints during optimization.
Specifically, this module takes the following inputs:

multi-view RGB images {Io}N
o=1, multi-view depth images

{Do}N
o=1, the 3D human Gaussian model Ĝ, and selected

camera parameters {Cn}N
n=1. Every optimization iteration

follows a render-align-update cyclic process.
First, an improved tile-based rasterizer is employed to

simultaneously output RGB images and depth images:

ˆ{Io}
N
o=1,

ˆ{Do}
N
o=1 = Render

(
Ĝ,{Cn}N

n=1) (13)

where πi denotes the i-th camera parameters. The entire
pipeline is fully differentiable, allowing gradients to flow
back to every 3D Gaussian attribute.

Next, multi-source consistency is enforced through a
compound loss composed of four terms: Visual reconstruc-
tion loss:

Lrgb = ∑
o

λrgb
∥∥Îo− Io

∥∥
1 +λlpips LPIPS

(
Îo,Io

)
(14)

Depth consistency loss:

Ldepth = ∑
o

λd
∥∥D̂o−Do

∥∥
1 (15)

Structured sparsity regularizer:

Lregularization = λscale ∑
k
∥Sk∥2

F +λalpha ∑
i∈N (k)

(αk−αi)
2

(16)
The total loss is the weighted sum:

L = Lrgb +Ldepth +Lreg (17)

where the weights λ maintain a dynamically adaptive
variation during training: λd are increased to empha-
size geometric constraints when the visual error plateaus;
otherwise, λrgb is raised to recover appearance details.
This mechanism enables autonomous switching between
the appearance-first, geometry-follow and geometry-first,
appearance-compensate operational modes. Following each
parameter update, the system performs real-time density

control, where Gaussian primitives are split, cloned, or
pruned based on metrics including gradient magnitude, co-
variance trace, and opacity. This ensures the representation
maintains both compactness and expressiveness throughout
the entire optimization process.

Subsequently, upon completion of model training (i.e.,
when the loss function converges or the preset maximum
number of iterations is reached), a dense 3D point cloud can
be extracted from the constructed Gaussian model. The ac-
quired point cloud data is then converted into a continuous
3D voxel field representation using a TSDF-based voxel fu-
sion technique. By applying the Marching Cubes algorithm
to this voxel field, an isosurface can be extracted, generating
a surface mesh model characterized by geometric continu-
ity and topological consistency. This ultimately enables the
reconstruction of a structurally accurate and detail-rich 3D
human model.

In this process, to address the blocky artifacts commonly
encountered in traditional voxel fusion, this paper proposes
a weighted fusion strategy based on normal vector consis-
tency constraints. This method fully considers the direc-
tional consistency of the normal vectors of Gaussian points
by introducing an angle threshold to filter the contributions
of normal vectors within a voxel unit: They are incorpo-
rated into the TSDF calculation of the voxel unit only when
the angle between the normal vectors of adjacent Gaussian
points is smaller than a preset threshold. Specifically, for
a voxel unit Vi, its fusion weight wi is determined by the
following formula:

wi =
N

∑
j=1

δ (θi j < θt) · exp(−
∥pi−p j∥2

2σ2 ) (18)

where N is the number of Gaussian points influencing the
voxel; θi j denotes the angle between the normal vector of
the voxel unit and that of the j-th Gaussian point; θt is
the angle threshold; pi and p j represent the spatial posi-
tions of the voxel center and the Gaussian point, respec-
tively; and σ is the spatial decay coefficient. This weight-
ing approach maintains spatial continuity while effectively
suppressing interference from points with inconsistent sur-
face normals on the fusion result through normal vector an-
gle constraints. Consequently, it significantly improves the
sharpness of feature edges and geometric fidelity, enabling
the reconstructed model to retain sharp geometric features
while maintaining smooth surfaces.

4. Experiments

Section 4.1 describes the experimental datasets, includ-
ing their sources and scene types. Section 4.2 details the
experimental setup, encompassing the network architecture,
optimization strategies, and core hyperparameters. The
evaluation in Section 4.3 and Section 4.4 validates the effec-
tiveness of our proposed method through multi-dimensional



comparisons against various baselines. These include meth-
ods based on neural implicit representations (NeuS [42]
and Neural Body [34]), the foundational 3DGS [20], the
hybrid 2D-3D method 2D-GS [17], along with 3DGS-
Avatar [36], Gaussian Avatars [15], HumanGaussian [26],
and SuGaR [10].

For a fair evaluation of geometric reconstruction quality,
the mesh surfaces for baseline methods using implicit rep-
resentations were uniformly extracted from their density or
occupancy fields using the Marching Cubes algorithm.

Additionally, a systematic ablation study is conducted in
Section 4.5. Through controlled experiments, the impact of
key modules on reconstruction accuracy, geometric fidelity,
and rendering efficiency is quantitatively assessed, with all
findings supported by quantitative metrics and visual com-
parisons.

4.1. Datasets

To comprehensively evaluate the generalization capabil-
ity and practical utility of the proposed method, we vali-
dated our approach on three datasets. The People Snap-
shot [19] dataset provides monocular video sequences de-
signed to test a method’s generalization capability for 3D
reconstruction from sparse, casually captured ”in-the-wild”
data. The ZJU-Mocap [6] dataset offers high-quality multi-
view videos with 3D ground truth, primarily for evaluating a
method’s robustness under complex dynamic poses and se-
vere occlusions. The Thuman [41] dataset comprises high-
fidelity 3D human scans for assessing a method’s accuracy
in recovering clothing details and fine-grained geometry.

4.2. Implementation Details

For human rendering quality evaluation, this study em-
ploys Peak Signal-to-Noise Ratio (PSNR), Structural Sim-
ilarity Index (SSIM), and Learned Perceptual Image Patch
Similarity (LPIPS) [38] for quantitative assessment. This
evaluation framework covers multidimensional measure-
ments ranging from pixel-level accuracy to perceptual sim-
ilarity. For human geometry reconstruction, we utilize
Chamfer Distance (CD), Normal Consistency (NC), and F-
score (F-S) to quantify the spatial consistency between the
reconstructed human mesh and the ground truth. The ex-
perimental setup follows standard data partitioning proto-
cols [4]: 1/8 of the images were randomly held out as the
test set with the remaining 7/8 for training. All experiments
were executed on an RTX 4090 GPU to ensure consistent
hardware conditions, thereby enabling reproducible and fair
comparisons across all evaluated methods.

4.3. Qualitative Results

Qualitative comparisons (Figure 5 and 6) demonstrate
that HGM outperforms representative methods including
3DGS, 3DGS-Avatar, and 2D-GS in both rendering quality

and geometric reconstruction accuracy. Particularly in sce-
narios involving complex clothing and challenging poses,
HGM generates surfaces with physical realism, producing
geometric features characterized by sharp boundaries and
strong continuity. The method exhibits exceptional capa-
bility in reconstructing high-frequency details and micro-
scopic structures of the human body. Furthermore, localized
comparisons more distinctly highlight HGM’s superior per-
formance in preserving detail integrity and structural con-
sistency, yielding visually natural reconstruction results that
better align with real-world geometric priors.

4.4. Quantitative Results

For a comprehensive benchmark evaluation of HGM,
two categories of representative methods are selected as
baseline comparisons. Specifically, the first category com-
prises traditional techniques that convert NeRF or 3DGS
into meshes. These methods are typically designed for in-
door or outdoor scenes, with no existing techniques dedi-
cated to human mesh extraction. The second category con-
sists of explicit optimization methods for human represen-
tation based on Gaussian Splatting.

Quantitative evaluation (Table 1 and 2) demonstrates that
HGM surpasses existing methods across multiple metrics.
While maintaining high-fidelity texture reconstruction, it
improves geometric alignment accuracy by 10%-15% and
reduces reconstruction errors by over 15% in complex sce-
narios. Traditional methods relying solely on RGB photo-
metric loss lack explicit geometric constraints, often result-
ing in surface noise, artifacts, and structural discontinuities.
In contrast, HGM establishes a self-refining mechanism in-
tegrating 2D and 3D representations, creating bidirectional
feedback between Gaussian rendering and geometric fea-
tures: using rendering to supervise geometric detail genera-
tion while employing geometry to constrain physical plausi-
bility, thereby achieving synergistic optimization of appear-
ance and geometry. This approach provides an innovative
solution for joint human mesh optimization, significantly
advancing the integration of 3D human reconstruction and
rendering.

4.5. Ablation study

In the ablation study, we evaluated eight configuration
schemes (Table 3) against a baseline method without the
EAD, GDE, and DAAO modules. Experiments demonstrate
that our proposed modular approach significantly outper-
forms the baseline across all evaluation metrics. Specifi-
cally, the EAD module remarkably enhances texture qual-
ity and visual details, while the normal regularization sub-
module in DAAO shows outstanding contribution to geo-
metric surface optimization as measured by the CD metric.
It should be noted that although DAAO improves overall ge-
ometric reconstruction quality, quantitative analysis based



(a) GT (d) HGM (Ours)(c) MaGS [28](b) SuGaR [10]

Figure 5. Visual comparison among HGM, SuGaR, and MaGS on THuman.

Table 1. Statistical performance comparison among different methods. The best scores are shown in bold, with the second-best underlined.

Methods
People Snapshot [19] ZJU-Mocap [6] Thuman [41]

LPIPS↓ SSIM↑ PSNR↑ LPIPS↓ SSIM↑ PSNR↑ LPIPS↓ SSIM↑ PSNR↑

Neus [42] 2.35 0.92 28.95 2.33 0.91 27.34 2.31 0.93 28.01
Neural Body [34] 2.21 0.95 29.48 2.20 0.97 29.34 2.23 0.93 29.34

Neus2 [43] 2.29 0.93 27.01 2.31 0.94 27.17 2.23 0.94 29.33

3DGS [20] 2.24 0.95 29.32 2.22 0.95 29.01 2.26 0.92 28.64
2DGS [17] 2.27 0.94 28.35 2.23 0.94 28.21 2.24 0.94 28.68

3DGS-Avatar [36] 2.21 0.96 29.85 2.22 0.97 29.68 2.19 0.97 29.83
HuGS [21] 2.21 0.97 30.13 2.16 0.97 31.29 2.14 0.96 29.75

GauHuman [16] 2.17 0.97 30.11 2.16 0.97 30.64 2.13 0.96 30.03
HumanGaussian [26] 2.16 0.98 30.06 2.21 0.97 30.01 2.17 0.96 29.96

D3GA [52] 2.18 0.98 30.44 2.17 0.98 30.74 2.15 0.96 30.19
HGM (Ours) 2.14 0.99 31.69 2.13 0.97 31.65 2.12 0.99 32.51

on the LPIPS metric reveals a slight degradation in texture
fidelity.
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Figure 6. Visual comparison among HGM, SuGaR, and MaGS on the wild image.

Table 2. Statistical performance comparison among different methods on the THuman test dataset. The best scores are shown in bold, with
the second-best underlined.

Methods
487 500 503

CD↓ NC↑ F-S↑ CD↓ NC↑ F-S↑ CD↓ NC↑ F-S↑

3DGS [20] 3.04 0.696 30.69 2.97 0.721 31.94 2.93 0.707 31.63
SuGaR [10] 2.52 0.785 34.95 2.47 0.774 35.06 2.43 0.757 35.64
2DGS [17] 2.35 0.763 35.16 2.39 0.767 35.68 2.33 0.759 36.13

MeshGS [4] 2.28 0.774 36.95 2.20 0.765 35.59 2.34 0.767 37.03
GaussianAvatars [35] 2.68 0.749 34.13 2.54 0.735 33.98 2.65 0.719 35.31

D3GA [52] 2.49 0.754 34.05 2.43 0.746 35.68 2.39 0.763 36.38
MaGS [29] 2.26 0.801 36.88 2.24 0.791 37.28 2.23 0.801 37.34
HGM(Ours) 2.10 0.811 38.98 2.04 0.814 39.21 2.07 0.817 38.64

513 521 526

3DGS [20] 3.16 0.689 31.57 3.03 0.714 32.04 2.968 0.715 31.97
SuGaR [10] 2.49 0.765 36.05 2.42 0.763 35.16 2.37 0.759 35.97
2DGS [17] 2.30 0.761 36.03 2.29 0.755 36.07 2.31 0.760 36.06

MeshGS [4] 2.26 0.759 36.13 2.21 0.768 36.12 2.25 0.771 36.17
GaussianAvatars [35] 2.66 0.712 35.13 2.56 0.734 34.87 2.48 0.50 34.93

D3GA [52] 2.40 0.733 36.36 2.29 0.787 36.10 2.47 0.738 35.96
MaGS [29] 2.21 0.795 36.97 2.19 0.803 37.61 2.29 0.781 36.95
HGM(Ours) 2.12 0.827 39.37 2.11 0.818 39.01 2.10 0.813 38.44

4.6. Extending to other methods

The proposed strategy demonstrates excellent portability
and can be conveniently applied to enhance the performance

of existing 3D Gaussian reconstruction and geometry gener-
ation methods. In this study, we selected 2DGS, a represen-



Table 3. Statistical performance comparison with different ablation configurations. The best scores are shown in bold.

Method

Base EAD GDE DAAO CD↓ NC↑ F-S↑ LPIPS↓ SSIM↑ PSNR↑
✓ 3.06 0.698 31.68 2.21 0.95 29.09
✓ ✓ 2.76 0.694 33.54 2.14 0.97 30.17
✓ ✓ 2.49 0.786 37.17 2.19 0.95 29.34
✓ ✓ 2.54 0.763 35.61 2.18 0.95 29.36
✓ ✓ ✓ 2.41 0.791 37.34 2.16 0.96 30.39
✓ ✓ ✓ 2.49 0.793 36.65 2.14 0.97 31.43
✓ ✓ ✓ 2.27 0.804 38.05 2.18 0.95 30.37
✓ ✓ ✓ ✓ 2.09 0.812 39.56 2.13 0.98 32.07

Table 4. Addition results on integrating our strategies into
2DGS [17]

Method CD↓ NC↑ F-S↑ PSNR↑

2DGS 2.28 0.765 35.33 28.30

2DGS+EAD 2.25 0.764 35.35 30.95

2DGS+GDE+DAAO 2.19 0.793 37.64 29.04

2DGS+EAD+GDE+DAAO 2.16 0.806 38.14 31.21

tative Gaussian Splatting-based reconstruction method, for
experimental validation. As shown in Table 4, the proposed
Gaussian self-optimization module significantly improves
the performance of both methods, fully demonstrating its
exceptional generalization capability.

Importantly, our DAAO module is architecture-agnostic
and can be seamlessly integrated as a plug-and-play refine-
ment module into any 3D Gaussian Splatting pipeline, with-
out relying on SMPL priors or human-specific assumptions
(e.g., by using Depth Anything v2 [46] as the depth estima-
tor), as shown in Figure 8

4.7. Discussion

HGM has shown considerable advantages in extracting
meshes from 3D human Gaussian representations. How-
ever, several limitations remain to be addressed.

First, due to the inherent characteristics of Gaussian
functions, subtle deviations inevitably exist between the
depth maps generated during Gaussian rendering and the
actual scene geometry. Influenced by the intrinsic smooth-
ness of Gaussian functions, fine details in image edges and
textured regions are often inadequately preserved, leading
to suboptimal reconstruction quality.

Second, the method faces challenges in processing
highly ambiguous 3D Gaussian Splatting data, which com-
monly occurs in dynamic video sequences or noisy scene
captures. In such cases, Gaussian smoothing effects restrict
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Figure 7. Validate the performance of each component of HGM on
No.510 of THuman with four different experimental settings. The
horizontal axis represents the number of iterations during Gaus-
sian optimization, and the vertical axis represents the geometric
performance metric F-S and CD.

the recovery of high-frequency details in clothing and edge
information and, therefore, over-smoothed surfaces or mis-
aligned boundaries in the reconstructed human outputs can
be obtained.

5. Conclusion

The rapid advancement of 3DGS has opened new possi-
bilities for digital human modeling, yet efficiently extract-
ing human meshes from unstructured Gaussian representa-



(a) (d)(c)(b)

Figure 8. Visualization of the ablation study without SMPL-X: (a)
Ground truth; (b) w/EAD only; (c) w/EAD + DAAO; (d) w/EAD +
DAAO + Depth Anything v2. The results illustrate the individual
contributions and combined effectiveness of the proposed modules
when integrated with the SMPL-X-free Depth Anything v2 model.

tions remains challenging. This article introduces HGM,
a unified self-refinement framework that achieves break-
through performance via optimizing the source Gaussians
themselves through three key tactics: an epipolar-attention-
guided diffusion lifter for enhanced multi-view detail recon-
struction, a geometry-aware depth estimator for improved
geometric constraints, and a geometry-aware depth estima-
tor for precise surface fitting. These components form an
integrated optimization loop that effectively combines 2D
appearance cues with 3D geometry. Experimental results
show HGM can generate fully editable, high-fidelity human
meshes. This work not only expands 3DGS applications in
digital human modeling but also provides a foundation for
future dynamic scene research.
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