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ABSTRACT

This thesis introduces a two-part framework for photorealistic human avatar reconstruction and
real-time pose editing from monocular video. The first module, GSDHuman, employs Gaussian
Surfels to reconstruct Dynamic Human avatars within minutes, offering efficient human avatar
reconstruction from single-view inputs. The second, 3DFilmPCA, is a photorealistic avatar system
based on rigged 3D Gaussian Splatting, enabling SMPL-driven Pre-Composite Action control.
Users can interactively manipulate SMPL joints and instantly visualize updates on the associated
Gaussian representation.

Together, these components form a complete pipeline that accelerates the creation of control-
lable, high-fidelity human models. The proposed methods are tailored for artist-driven workflows
in visual effects, digital filmmaking, and virtual human editing. Unlike conventional techniques
that rely on complex geometry fitting or canonical space learning, our approach achieves rapid and
high-quality results using only monocular video.

Qualitative results on both in-the-wild and lab-captured video demonstrate that GSDHuman
efficiently reconstructs photorealistic, dynamic human avatars under diverse conditions. 3DFilm-
PCA further enables intuitive and controllable avatar animation, offering a practical, artist-friendly

solution for video compositing, virtual production, and digital human performance.
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NOMENCLATURE

GSDHuman Gaussian Surfels for Dynamic Human Reconstruction from
Monocular Video

3DFilmPCA Photorealistic Human Avatars with Rigged 3D Gaussian
Splatting for SMPL-Driven Pre-Composite Action Control

3DGS 3D Gaussian Splatting

2DGS 2D Gaussian Splatting

Ul User Interface

NVS Novel view synthesis

NeRF Neural Radiance Fields

MLP Multi-layer Perceptron

GT Ground Truth
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1. INTRODUCTION

1.1 Introduction

The ability to generate photorealistic and animatable 3D human avatars from video is central to
numerous applications in computer graphics, computer vision, and immersive media production.
From digital stunt doubles in films to personalized avatars in AR/VR environments, high-fidelity
digital humans are becoming increasingly essential. In many production scenarios, reshooting
scenes due to minor performance issues or continuity errors is both time-consuming and costly. A
robust avatar creation pipeline can significantly streamline this process by enabling efficient digital
re-enactment. However, most existing systems rely on multi-camera capture setups, controlled stu-
dio environments, or expensive motion capture suits—rendering them inaccessible to most creators

and impractical in real-world settings.

Recent advances in neural rendering and point-based representations have introduced new ways
of modeling deformable objects with compelling realism. Among these, 3D Gaussian Splatting
(3DGS) [1] has emerged as a powerful technique for rendering complex surfaces without requiring
dense triangle meshes. Although 3DGS is effective for modeling static scenes and objects, adapting

it to dynamic and articulated human bodies presents significant challenges.

To address this, we propose a hybrid approach that combines the strengths of both 2D and 3D
Gaussian representations. While 3D Gaussians enable efficient radiance field rendering, they often
suffer from multi-view inconsistencies and fail to capture precise surface geometry. In contrast,
2D Gaussians [2], defined as oriented planar disks, provide view-consistent surface modeling by
collapsing volumetric representations into image-aligned splats, making them well-suited for re-

constructing detailed and geometrically accurate surfaces from multiview inputs.

The first component, GSDHuman, employs 2D Gaussian Surfels (2DGS) [2] anchored to the

surface of a parametric SMPL model [3], enabling efficient and high-fidelity reconstruction of



dynamic human avatars from monocular video within minutes.

The second component, 3ADFiIlmPCA, introduces a rigged 3D Gaussian Splatting (3DGS) frame-
work, in which each 3D Gaussian is associated with SMPL [3] joints and transformed according
to skeletal motion. This enables controllable animation and interactive pose editing, supporting

real-time visualization and pre-compositing workflows.

Our main contributions for GSDHuman are as follows:

* We present GSDHuman, the method to leverage Gaussian Surfels for reconstructing dynamic

3D human avatars from monocular video in minutes.

* We propose an opacity loss function to address the overlooked role of 2D Gaussian opacity

in surface reconstruction, encouraging more faithful geometric representation.

» Extensive experiments demonstrate that GSDHuman can efficiently reconstruct high-quality
human avatar surfaces across both controlled datasets (People-Snapshot) and in-the-wild

video scenarios.

Our main contributions for 3DFilmPCA are as follows:

* We introduce the first system capable of editing both the shape and pose of human avatars in

real-time.

* We develop a custom interactive viewer for real-time rendering and editing, providing a

responsive interface for inspecting and manipulating avatar attributes.

* We demonstrate the robustness and versatility of 3DFilmPCA on diverse cinematic sequences,

showcasing its adaptability to various motion styles and character appearances.



1.2 Related Works

Our work builds upon recent progress in human reconstruction, Gaussian-based representations,
and controllable avatar animation. In this section, we review related literature in four key areas:
3D human reconstruction, Gaussian Splatting for modeling, pose-guided human animation, and

animatable Gaussian-based avatars.

1.2.1 3D Human Reconstruction

Reconstructing 3D human avatars has been a long-standing pursuit in both computer vision and
graphics. Early approaches focused on recovering 3D geometry from multiview video [4]-[6] by
leveraging crossview correspondences or integrating depth information from RGB-D sensors [7]—
[10]. In addition, techniques have been developed to incorporate albedo maps for realistic surface

appearance [11], [12].

In recent years, neural radiance fields have emerged as a powerful tool for avatar modeling [13]—
[20], enabling photorealistic rendering from arbitrary viewpoints using multiview image supervi-
sion. However, the reliance on densely calibrated camera rigs in controlled environments limits
their broader applicability. To alleviate the dependency on multi-camera systems, methods such
as [19]-[21] explore monocular video-based solutions, allowing avatar reconstruction and anima-
tion with only a single camera. However, these monocular methods often incur long training times.
For instance, InstantAvatar [22] leverages Instant-NGP [23] to accelerate convergence, while In-

stantNVR [24] adopts voxel-based representations to reduce computational load.

Nonetheless, producing accurate surface geometry remains a challenging task for most NeRF-
based pipelines. To resolve this, recent methods [25], [26] have shifted toward implicit surface
representations that can better capture fine-grained details such as clothing folds and hair strands.
Techniques like ICON [27] and ECON [28] integrate SMPL priors to manage difficult human
poses, but they are mainly tailored for static images and show limitations when extended to video

sequences. SelfRecon [25] introduces neural surface rendering to maintain temporal consistency



across frames, while Vid2Avatar [26] incorporates a Signed Distance Field (SDF) with surface-

guided volume rendering to reconstruct avatars from unconstrained video input.

While these advancements are promising, the training process for most systems remains time-
consuming, often taking several hours. This limitation hinders their suitability for real-time or

scalable applications.

1.2.2 3D Human Modeling from 3D Gaussian Splatting

The emergence of 3D Gaussian Splatting (3DGS)[1] has recently drawn considerable attention for
its ability to achieve both real-time rendering and high visual fidelity. Several avatar reconstruc-
tion methods[29]-[32] have adopted this representation, enabling significantly faster training and

interactive rendering performance.

Despite these strengths, current 3DGS-based approaches still face challenges in precise surface
representation. The lack of explicit surface modeling leads to view inconsistency in novel view-
points and hinders downstream applications that rely on accurate geometry, such as mesh extraction

or animation.

GoMAvatar [32] addresses this by associating 3D Gaussians with a mesh template and jointly op-
timizing the mesh vertex positions. While this strategy enhances surface alignment, it introduces a
trade-off—slower optimization speed and reliance on the fixed SMPL topology, which may cause
artifacts or incorrect surface reconstruction under diverse human poses or clothing styles. In con-
trast, our method allows 2D Gaussian primitives to deform freely without being restricted by mesh

connectivity, enabling more flexible surface fitting and significantly accelerating training.

1.2.3 Human Animation and Pose Transfer

Pose transfer and human animation aim to synthesize human images under new poses while pre-
serving identity. GAN-based [33] methods often suffer from occlusions and identity drift. Re-
cent works adopt diffusion models for improved quality and control. MagicPose [34] employs

a two-stage training strategy with a pose ControlNet and an appearance-aware attention module,
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achieving high-fidelity identity preservation and pose retargeting. DisCo [35] introduces a CLIP-
guided pose control mechanism, but requires fine-tuning for out-of-domain generalization. Dream-
Pose [36] and Animate Anyone [37] further extend diffusion frameworks to video synthesis, with
varying levels of identity consistency and realism. These methods demonstrate the potential of

diffusion-based animation, while highlighting challenges in temporal stability and generalizabil-

ity.

1.2.4 Animatable 3D Gaussian Splatting Human Avatar

3D Gaussian Splatting has recently been extended beyond static scene representation to enable
animatable avatars with high-quality appearance and real-time rendering. These methods typically
bind Gaussians to deformable mesh structures, such as triangle surfaces or articulated skeletons,
allowing controllable animation and expressive reconstruction. For instance, GaussianAvatars [38]
binds each 3D Gaussian to a triangle on a FLAME [39] [40] mesh and introduces a local coordi-
nate system to enable independent optimization of translation, rotation, and scaling, leveraging a
binding inheritance strategy to achieve photorealistic and expression-driven head animation in real

time.

Additionally, HUGS: Human Gaussian Splats [30] introduces an animatable human avatar with a
disentangled scene representation, trained on 50-100 frames of monocular video to achieve novel
view rendering and human pose synthesis at 60 FPS, utilizing SMPL to capture body details not
modeled by SMPL (e.g., cloth, hair). Likewise, GauHuman: Articulated Gaussian Splatting from
Monocular Human Videos [41] presents a 3D human model with Gaussian Splatting, achieving fast
training (1-2 minutes) and real-time rendering with 13k Gaussians, incorporating a novel merge

operation to further speed up the process by pruning redundant Gaussians.

These approaches clearly demonstrate the effectiveness of combining structured mesh priors with
Gaussian representations, it is possible to reconstruct and animate expressive human avatars with
fine detail and real-time performance, offering a promising direction for controllable neural ren-

dering.



2. GSDHUMAN

2.1 Method

The overall architecture of our reconstruction framework is illustrated in Fig. 2.1. We first intro-
duce key background concepts—2D Gaussian Splatting and the SMPL model—in Sec. 2.1.1. The
placement of 2D Gaussian surfels onto the human template surface is then explained in Sec. 2.1.2,
followed by the deformation process using Linear Blend Skinning (LBS), described in Sec. 2.1.3.
Our geometry-aware pruning technique and Wasserstein distance-based densification strategy are
presented in Sec. 2.1.4. Finally, Sec. 2.1.5 outlines the training loss formulation and regularization

techniques that guide our optimization process.
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Figure 2.1: Framework of GSDHuman. We begin by initializing a set of 2D Gaussian primitives
on the surface of the SMPL template mesh in the canonical space. These Gaussians are then
deformed into the posed space using Linear Blend Skinning (LBS) for differentiable rendering. To
prevent over-densification and maintain geometric consistency, we apply outlier pruning, normal-
consistency pruning, and a Wasserstein distance-based densification strategy.



2.1.1 Preliminaries

2D Gaussian Splatting. Following the formulation in [2], we adopt 2D Gaussian Splatting (2DGS)
to represent 3D geometry using a collection of elliptical primitives—referred to as Gaussian Sur-
fels. Each surfel can be viewed as a 2D Gaussian distribution embedded on a local plane in 3D
space, providing a compact and differentiable representation of surface appearance and structure.

Given its planar nature, a Gaussian Surfel is parameterized by a center point pg, two orthogonal
basis directions t,, and t,, and their associated scales s,, and s,,, which control its extent. A local

coordinate point (u, v) maps to a 3D position via:

P(u,v) = pg + Sutyv + sytyu, w,v € [—1,1], (2.1)

This transformation can also be written in matrix form as:

Suty Suty, O RS
"o Pk _ Pk 7 2.2)

0O 0 0 1 0 1

where R is the local frame matrix and S encodes the anisotropic scaling.
The intensity value of a 2D Gaussian evaluated at (u, v) is defined by the standard Gaussian func-

tion:

2 2
G(u) = exp (—“ ;LU ) . (2.3)

To render the Gaussian onto an image plane, we determine the intersection between the Gaus-
sian’s support plane and the viewing ray from each pixel. Let x = (x,y) denote a screen-space
coordinate. Two auxiliary plane equations aligned with the image axes are defined as:

h, = (-1,0,z), h,=(0,-1,0,y). (2.4)

These are transformed into the Gaussian’s local space using the camera-to-world projection W



and the surfel transformation H:

h, = (WH)"h,, h,=(WH)"h,. (2.5)

The coordinates of the intersection point u(x) can then be computed from the homogeneous pa-

rameters as:

hTh?—hTh2 hThl —hTh?
u(x) = |PRRIR v(x) = |PBRIR (2.6)
, . .

hih,—h/h, hih,—h h,

hTh2—h’h), hTh2—h’h],
Once projected onto the screen, each Gaussian contributes to the pixel color and opacity based on
its value at the intersection point. These contributions are composited using alpha blending along

the ray direction, sorted by depth:

) = Y cngi(utx) [T 0= 0,65 ux)), e

where ¢; and «; represent the color and opacity of the i-th surfel, and the product term models

occlusion and transparency along the ray.

For further details, the reader is referred to [2].

SMPL Model. SMPL [3] is a parametric human body model defined as M (3, #), where /3 controls
body shape and 6 governs body pose. To represent dynamic human motion, 3D points defined in
the canonical space are transformed into the posed space using the Linear Blend Skinning (LBS)
algorithm [3]. Specifically, a point p. in canonical space is mapped to its posed counterpart p,, as

follows:
K

pp - Zwk (Rk(‘]v 9) Pc + tk(Jv 97 6)) 3

k=1
where J denotes the joint locations of the K skeletal joints, R (./,#) and t;(.J, 0, ) are the rotation

and translation of joint &, and wy, is the skinning weight corresponding to joint k.



Figure 2.2: Initialization of 2D Gaussian. The 2D Gaussian is initialized at point p, the centroid of
the triangle formed by vertices vy, vo, and v3. The covariance matrix is computed from the basis
ry, I's, and r3 spanning the triangle’s surface.

2.1.2 Data Preprocessing

Figure 2.3: Visualization of the SMPL estimation. From left to right: input image, SMPL overlay,
segmentation mask, and surface normal.

Prior to performing 2D Gaussian Splatting, a series of preprocessing steps are applied to the raw
input data to extract essential geometric and semantic information. This study employs the SMPL
model [3] to estimate human body pose and shape, generating auxiliary signals to support subse-
quent 3D reconstruction and rendering processes. Specifically, the preprocessing pipeline includes

the following steps: first, the human region is extracted from the input image; next, the SMPL

9



model is applied to estimate the 3D shape and pose of the human body; then, a segmentation mask
is generated to separate the human from the background; finally, surface normals are computed to
provide geometric details.

Figure 2.3 illustrates the visualization results of the preprocessing steps. From left to right, the sub-
images depict: (1) the original input image, showing a person in a real-world scene; (2) the SMPL
overlay, presented as a green mesh representing the SMPL model’s estimation of body shape and
pose; (3) the segmentation mask, shown as a black-and-white binary image highlighting the human
silhouette; (4) the surface normals, encoded with colors to indicate the geometric orientation of the
body surface. These preprocessing steps provide critical geometric and semantic foundations for

the subsequent 2D Gaussian Splatting process.
2.1.3 Initialization

As part of the GSDHuman framework, we initialize 2D Gaussian surfels directly on the surface
of a template mesh such as SMPL. For each triangle face defined by vertices [vy, vo, v3] € R3, the
surface normal is computed as:

(UQ — Ul) X (Ug — Ul)

— . 2.8
Sl T oy pr— (28)

A Gaussian is placed at the centroid of the triangle, given by:

1 1 1
Pt = 52]1 + 51)2 + 51)3, (29)

and oriented using a local orthonormal frame constructed as:

U1 — Pk

= ————  r3=n, Iy=r3XTy, (2.10)
[v1 = Pll

ry

where the rotation matrix is defined as R = [ry,rs, r3].
The initial scale S = {s1, s2} of each Gaussian is set isotropically, with both axes initialized to

half the distance between v, and the centroid:

10



1
31:52=§|’U1—pkH- (2.11)

2.1.4 2D Gaussian Surfels Deformation

To enable articulated deformation of our 2D Gaussian surfels, we adopt a motion-aware transfor-
mation strategy rooted in the SMPL body model [3]. Inspired by the success of NeRF- and 3DGS-
based avatar animation [19]-[21], [29]-[31], [42], we transform each surfel from the canonical
space to the posed configuration by leveraging skinning weights estimated from SMPL.

The deformation process is governed by Linear Blend Skinning (LBS), where both position and
orientation are linearly blended from joint transformations. Given a canonical position p. and

rotation matrix R, the posed counterparts p; and 1?; are computed as:

p: = R(J:,0,)p. +b(J;,0,,8,), R,=R(J,6,)R,, (2.12)

where J; denotes the joint locations, and 6,, 3, are the pose and shape parameters, respectively.
The blended rotation and translation are computed by summing over the contributions from all K

joints, modulated by their skinning weights wy:

K

R(J;,0:) = wy, Ri(1,,60,), (2.13)
k}:{l

b(J.,0:,8,) =Y wibi(J;,0,,5,). (2.14)
k=1

While the blend weights can be directly extracted from the SMPL skinning map, we observe that
such weights may be suboptimal for fine-grained surfel-level deformation. Following [19], [26],
[29], we incorporate a lightweight MLP to learn residual offsets to the initial weights, allowing for
smoother and more accurate deformations.

This formulation enables each surfel to follow the body motion in a temporally coherent manner,

preserving geometric fidelity even under complex pose changes.
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2.1.5 Pruning and Densification

@) (b)

Figure 2.4: Outlier Pruning (a) and Normal Consistency Pruning (b). We prune the 2D Gaussian
primitives that are far away from the collective and not aligned with the surface.

Pruning and densification play a vital role in achieving effective 3D Gaussian Splatting [1]. The
2D Gaussian Splatting method [2] adopts similar strategies. However, in our experiments with
dynamic human reconstruction, we found that this approach may result in excessive Gaussian con-
centration. Such over-densification negatively affects both rendering quality and surface fidelity.

To mitigate this, we propose an improved pruning and densification strategy.

Outlier Pruning.

We remove Gaussian Surfels that lie far from the main distribution. As shown in Fig. 2.4, we
compute the average distance from each Gaussian to its k£ nearest neighbors. If this average exceeds
a threshold ¢,, the Gaussian is considered an outlier and pruned. This step helps eliminate noise

introduced by isolated Gaussians.

Normal Consistency Pruning.
We also discard Gaussians whose surface normals deviate significantly from their neighbors. For

a given Gaussian with normal n, we evaluate its alignment with the normals n; of its k nearest

12



neighbors using average cosine similarity:

n-n;

L&
R

|n||\|nz||‘

If this similarity is below a threshold e, the Gaussian is pruned. This ensures that the retained

Gaussians conform to the local surface orientation.

Wasserstein Distance-Based Densification.

Typical densification strategies in 3D and 2D Gaussian Splatting are gradient-driven. Yet, we
observe that this can lead to redundant Gaussians clustered in already well-sampled regions, as also
noted by [29]. This not only reduces rendering efficiency but also impairs optimization. To avoid
such issues, we use the Wasserstein distance [43], [44] to regulate densification. The distance

between two Gaussians j; and p is defined as:

[N

1 1
W(pi1, piz) = |lp1 — p2l* + tr(Cy + C, — 2(C3C,C3)2) (2.15)

where p; and p, are the mean positions, and C;, C, are the covariance matrices. A Gaussian is
allowed to densify only if its Wasserstein distance )V to its closest neighbor exceeds a threshold

€w-

2.1.6 Training Loss and Regularization

To enhance the reconstruction of human body geometry, we adopt a similar loss design and reg-
ularization strategy as in 2D Gaussian Splatting [2]. In addition, by incorporating human-specific
priors, we introduce a normal prediction module to guide and regularize the surface normals of the

Gaussians.

Depth Distortion.
Similar to 3D Gaussian Splatting, the rendering process does not account for the distances between

intersected Gaussians along the ray, unlike NeRF. This can lead to spatially spread-out Gaussians
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producing comparable color and depth values [2]. To mitigate this, we adopt a depth distortion
loss following Mip-NeRF360 [45] and 2D Gaussian Splatting [2], which concentrates the weight

distribution along each ray by minimizing the distance between intersections:

Ed = Zwiwj]zi — Zj‘, (216)
‘7j

where w; = ;G5 (u(z)) H;;ll (1—a;G,(u(x))) is the blending weight of the i-th splat intersection,
and z; is its corresponding depth. This loss penalizes depth spread and encourages splats to cluster

more tightly around the actual surface.

Normal Consistency.

Unlike 3D Gaussians, 2D Gaussian primitives inherently contain surface normals. Since our repre-
sentation is based on 2D Gaussian surfels, we can enforce normal consistency directly. Instead of
aligning the normals with depth gradients as in prior work, we align them with normals predicted

by a pretrained monocular human normal estimator. The loss is defined as:

L, =) wil—n/N), (2.17)

where ¢ indexes over the splats intersected by a ray, w; is the corresponding blending weight, n; is
the view-aligned normal of the splat, and N is the predicted surface normal from the dataset. This

encourages the Gaussian primitives to better align with human body surfaces.

Opacity Regularization.

To ensure stable rendering and meaningful surface reconstruction, we regularize the opacity values
of Gaussian primitives. Without this regularization, optimization may collapse into degenerate so-
lutions such as highly transparent Gaussians (causing under-reconstruction) or overly opaque ones
(leading to incorrect layering or hard-edged artifacts). Therefore, we encourage the opacity values
to converge to binary states—either fully opaque (p = 1) or fully transparent (p = 0)—which

improves compositing stability and surface extraction.
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Among the tested opacity regularization weights, we empirically found that a value of 0.005
achieves the best balance between surface fidelity and rendering stability. Larger weights (e.g.,
0.1, 0.5, 1) often lead to training collapse due to overly aggressive regularization that pushes
most opacities toward binary values too early, resulting in sparse, incomplete, or noisy recon-
structions. Conversely, very small weights (e.g., 0.0001) allow excessive flexibility, producing

semi-transparent Gaussian splats that blur surface boundaries and hinder mesh extraction.

Through extensive fine-tuning, we observed that 0.005 consistently yields clean and connected
surface reconstructions with minimal artifacts. It encourages opacities to converge to interpretable
binary states while preserving sufficient gradient flow for stable optimization. This empirical result

is corroborated by the visual and quantitative comparisons shown in Figure 2.5 and Table ??.

We introduce an opacity regularization term that penalizes uncertain (semi-transparent) values.

The loss is defined as:

Lopacity = —E [log(p) +1og(1 — p)] = —E [log(p(1 — p))] (2.18)

This function reaches its maximum at p = 0.5, and decreases toward —oo as p approaches O or 1.
Minimizing this loss thus pushes opacity values away from intermediate states, promoting clearer
separation and more interpretable rendering.

To ensure numerical stability and avoid undefined values from log(0) or log(1), we add a small

constant ¢ (e.g., 1077):

Lopacity = —E [log(p + €) + log(1 — p + ¢€)] (2.19)

Final Loss.

We optimize our model to minimize the following loss function:
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L= ‘Ccolor + Alﬁmask + )\Q‘CSSIM + ABELP[PS + )\4£d + )\5‘671 + )\G‘Copacity (220)

L2
where L5 = HZ’ w; — M || minimizes the difference between the rendered alpha map and
2

the human body mask M. Lcolor 18 the L1 loss between the rendered image and the ground
truth. Lggras 1s the structural similarity loss, and L prpg is a perceptual loss computed using
a pre-trained network. £, and L,, refer to the depth distortion loss and normal alignment loss as
described above. Lty 18 opacity loss, which ensures stable rendering and meaningful surface

reconstruction.

These terms are all standard image-space losses that guide the optimization across both photomet-
ric and geometric fidelity. Empirically, we set: A\; = 0.1, Ay = A3 = 0.01, Ay, = 1000, A5 = 0.08,
and \g = 0.005.

Table 2.1: Mesh extraction results under different opacity weights. Large weights (e.g., 1, 0.5)
lead to training failure, while smaller weights (< 0.01) allow successful reconstruction.

Weight | 1 | 0.5 | 0.1 | 0.05] 0.01 | 0.005 | 0.001 | 0.0005 | 0.0001
Result | fail | fail | fail | fail ok ok ok ok ok
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Figure 2.5: Mesh reconstruction results under different opacity weights are shown (Top-Left:
0.0001, Top-Right: 0.001, Bottom-Left: 0.0005, Bottom-Right: 0.005). Among these settings,
our experiments indicate that an opacity weight of 0.005 yields the best reconstruction quality.



2.2 Experiments

Assuming camera parameters for the monocular videos are calibrated, we evaluated our method
using the ZJU_Mocap Dataset [13], in line with previous works [19], [21], [29], [32], and demon-
strated novel view synthesis and 3D reconstruction results. Moreover, we also tried People Snap-

shot Dataset [46] and in-the-wild video.

2.2.1 Experimental Setup

The NeRF-based novel view synthesis methods, Instant-NVR [24] and InstantAvatar [22], adopt
multi-resolution hash encoding to reduce training time to several minutes. The 3DGS-based
method GauHuman [29] leverages 3D Gaussian Splatting [1] for human avatar representation, en-
abling efficient training and high-quality rendering. For geometry reconstruction, GomAuvatar [32]

builds on 3D Gaussians distributed over mesh surfaces to recover human avatar geometry.

We adopt the same training and evaluation protocol as GauHuman [29] on the ZJU_Mocap dataset.
Specifically, we use the provided human masks, camera parameters, SMPL annotations, and esti-
mated surface normals. One camera is selected for training, while the remaining 22 cameras are
reserved for novel view synthesis evaluation. For each subject, we follow GauHuman and subsam-
ple 1 out of every 5 frames to obtain 100 training frames. For testing, we sample 1 out of every 30

frames from the remaining views to evaluate generalization to unseen viewpoints.

For the People Snapshot dataset [46], where only a single camera is available, we utilize all
available images from that camera for training and evaluation. This setup ensures full utilization
of the monocular sequence for robust learning in the absence of multi-view supervision.

Implementation details. We used Adam [47] as our optimizer and ran our framework on a single
RTX 4090 GPU. We set the threshold ¢, for outlier pruning to 0.015 and ¢, for normal consis-
tency pruning to 0.3, and ¢,, for the threshold of Wasserstein distance to 0.012. The number & of

neighbors in Sec. 2.1.5 was set to 5.
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2.2.2 Extract 3D Mesh

15

- 10

L

Figure 2.6: 2DGS rendering results of subject female-3-sport from People Snapshot dataset. From
left to right: rendered RGB image, surface normal map, and depth map. The depth visualization
uses a colormap where warmer colors indicate shallower regions and cooler colors represent farther
distances.

To extract a 3D mesh from the rendered output of our Gaussian-based human model, we adopt a
volumetric fusion method based on Open3D’s GPU-accelerated Voxe1BlockGrid.

During the testing phase, a set of camera viewpoints is rendered using the optimized Gaussian
Splatting model. Each rendered frame provides an RGB image, a depth map, and surface normals.
In order to achieve a consistent canonical representation, the subject’s pose is normalized to a
T-pose by removing the SMPL global rotation and translation.

The rendered depth maps are filtered using the alpha channel to remove low-confidence regions.
These processed depth images, along with their corresponding RGB images and calibrated camera
intrinsics and extrinsics, are integrated into a shared TSDF (truncated signed distance function)

volume. We utilize the VoxelBlockGrid module in Open3D to perform efficient depth fusion

across views on the GPU. Each RGB-D frame is inserted using its camera pose, which is formatted

as a 4 x4 extrinsic matrix. After integration, the final mesh is extracted via marching cubes. To
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remove disconnected components and floating artifacts, we apply post-processing using connected
triangle clustering. Only the largest connected region is retained for surface mesh export. The

resulting mesh provides a clean, geometry-consistent reconstruction of the canonical subject.

Figure 2.7: Textured mesh reconstructed from the People-Snapshot scene male-2-outdoor.

In the wild videos.

To enhance the diversity and robustness of our experiments across various real-world conditions,
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we include sequences collected from publicly available in-the-wild videos. These videos capture
a wide range of lighting, background, and subject variations, providing challenging scenarios for

evaluating mesh reconstruction and rendering quality in unconstrained environments.
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Figure 2.8: Textured mesh reconstructed from in-the-wild video.
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Figure 2.9: 2D Gaussians rendering images on People Snapshot dataset.
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Figure 2.10: Textured mesh reconstructed on People Snapshot dataset.
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3. 3DFILMPCA

3.1 Method

The overall architecture of our framework is illustrated in Fig. 3.7. We begin by introducing the key
background concepts of Binding-Aware 3D Gaussian Parameterization and Binding Inheritance in
Sec. 3.1.3. To ensure scale consistency, we propose a strategy that accounts for triangle area, as
detailed in Sec. 3.1.4. The interactive viewer is presented in Sec. 3.2.2, followed by shape editing

demonstrations in Sec. 3.2.3. Finally, pose manipulation is introduced in Sec. 3.2.4.

v Differentiable i
Rendering
s m Tile-based using Training
- ] Rasterizer Camera View

y \ Camera
-
p; SMPL Parameters Rendering image

) Asen

> 3D Gaussians are 7y
anchored to SMPL i

mesh triangles &
0 Y

Transformed via local-to-global
parameterization to
Pose/Target Space

Segmentation

3D Viewer

Figure 3.1: Illustration of the 3DFilmPCA pipeline. The orange parts show modules implemented
in our system, including monocular video input and interactive controls. The rest of the pipeline
follows GaussianAvatars [38], where 3D Gaussians are anchored to SMPL mesh triangles and
transformed using a local-to-global parameterization for temporally coherent rendering. Adaptive
density control and background inpainting further enhance the rendering quality.

3.1.1 Preliminaries
3D Gaussian Splatting.
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3D Gaussian Splatting [1] builds upon traditional point-based rendering and volumetric radi-
ance field techniques, aiming to enable real-time, high-quality novel view synthesis. Unlike mesh
or voxel-based representations, 3D Gaussians offer a continuous and differentiable volumetric rep-
resentation that can be efficiently projected to 2D and rendered using a-blending. Each Gaussian

is defined by the tuple:

G = (/’L727a7c7s)

where p € R? is the 3D mean (position), > € R3*3 is the covariance matrix, « is the opacity, c is
the spherical harmonics (SH) color coefficient vector, and s is the scale of the Gaussian.

The projection of a 3D Gaussian onto the image plane results in a 2D elliptical footprint, which
is rendered using differentiable rasterization. The opacity and color contribution to the pixel is

accumulated via the c-compositing rule:

i—1
C(z,y) IZOMC@"Tu Tz‘:H(l_O‘j)
i Jj=1

where T; represents the accumulated transparency, ensuring proper visibility handling.

Initialization is a critical step: Gaussian positions p are derived from a Structure-from-Motion
(StM) sparse point cloud, while scale and opacity are initialized with small constants (e.g., 0 =
0.01, @ = 0.1). The covariance matrix X is typically initialized as a diagonal matrix aligned with
camera axes, later optimized during training. SH coefficients ¢ are sampled from input image col-
ors. This setup ensures that 3D Gaussians are differentiable, compact, and flexible, enabling effi-

cient projection, tile-based splatting, and compatibility with gradient descent optimization. SMPL.

As discussed in Section 2.1.1 Preliminaries, we have previously introduced the foundational con-

cepts of SMPL.
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3.1.2 Data Preprocessing

Our data preprocessing follows the same procedure described in Section 2.1.1. However, in cin-
ematic sequences where the camera poses change rapidly and exhibit large inter-frame motions,
conventional segmentation methods tend to produce unstable results. To address this, we replace
our segmentation pipeline with one based on SAPIEN [48], which offers a comprehensive suite for

human-centric vision tasks and enables more precise and temporally stable segmentation masks.

3.1.3 Initialization

triangle k 3D Gaussian - 3D Gaussian
scaling parent triangle local scaling
triangle T 3D Gaussian \\ 3D Gaussian
position » SH coefficients local position Il
triangle 3D Gaussian 3D Gaussian
@ rotation R @ opacity a @ local rotation r
setup local coordinate system assign a 3D Gaussian at the shift and scale 3D Gaussians apply adaptive density control
for each triangle center of each triangle during optimization with binding inheritance

Figure 3.2: Overview of the binding-aware 3D Gaussian parameterization pipeline. (1) For each
triangle on the SMPL mesh, a local coordinate system is defined using its rotation R, position T,
and scaling factor k. (2) A 3D Gaussian is initialized at the triangle’s centroid, with opacity alpha,
spherical harmonics (SH) coefficients h, and a parent triangle index i. (3) During optimization,
local parameters including position mu, rotation r, and scaling s are learned. (4) Adaptive density
control is applied, with binding inheritance to maintain spatial consistency. This illustration is
adapted from GaussianAvatars [38].

Binding-Aware 3D Gaussian Parameterization

To ensure that 3D Gaussians deform coherently with dynamic human geometry, we parameter-
ize each Gaussian in the local coordinate system of a triangle on the SMPL mesh, following the
strategy proposed in GaussianAvatars [38], which depicted in Figure 3.2. Specifically, for each
triangle, we define a local frame using its rotation R, position T, and scale k. A 3D Gaussian is
then initialized at the triangle’s centroid with a parent-triangle index i, spherical harmonics (SH)

coefficients h, and opacity «.
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During optimization, the Gaussian’s local parameters—including local scale s, local position g,
and local rotation r—are updated. These are converted to global parameters using the triangle’s

transformation:

s'=ks, p=kERu+T, r=Rr (3.1)

This formulation allows the Gaussians to move consistently with the underlying mesh as the SMPL
parameters (shape 3, pose @, and translation t) vary over time. The mesh-based anchoring ensures
spatial coherence across frames and significantly improves animation quality and temporal consis-

tency. To further enhance rendering performance and fidelity, we employ adaptive density control

with binding inheritance. This mechanism allows the model to increase detail in complex regions

while maintaining efficiency by reducing density in flat or less important areas.

Binding Inheritance

To capture fine details in dynamic human geometry, simply matching the number of Gaussian
splats to the triangles on the SMPL mesh is insufficient. For example, a single triangle on the
body may intersect with multiple detailed features, such as hair strands or clothing folds, requiring
more splats to represent these complexities. Inspired by Qian et al. [38], we adopt an adaptive
density control strategy to dynamically adjust the number of 3D Gaussians based on the view-

space positional gradient and opacity of each Gaussian.

For a 3D Gaussian exhibiting a large view-space positional gradient, we either split it into two
smaller Gaussians if its scale is large, or clone it if its scale is small. This densification process
is performed in the local coordinate system of the associated SMPL triangle, ensuring that newly

created Gaussians remain spatially close to their parent Gaussian.

To maintain consistency, each new Gaussian inherits the parent triangle index ¢ of its predecessor,
enabling binding inheritance during densification. This approach ensures that the newly added

Gaussians enhance the fidelity of the local region while remaining anchored to the same SMPL
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triangle.

In addition to densification, we implement a pruning mechanism as part of the adaptive density
control strategy [38]. This involves periodically resetting the opacity « of all Gaussians to near-
zero values and removing those with opacity below a predefined threshold, effectively suppressing
floating artifacts in the rendering. However, in dynamic scenes, excessive pruning can lead to
issues, such as the loss of Gaussians in frequently occluded regions (e.g., inner arm triangles). To
mitigate this, we track the number of Gaussians attached to each triangle and enforce a minimum
of one Gaussian per triangle, ensuring consistent representation across the SMPL mesh during

animation sequences.

3.1.4 Optimization

v2

|

Figure 3.3: Adaptive scaling of 3D Gaussian Splatting based on triangle area changes.

Adaptive Scaling of 3D Gaussian Splatting with SMPL Shape Changes

When modifying the shape parameters 3 of the SMPL model, the geometry of the underlying
mesh undergoes deformation, resulting in variations in the area of individual triangles. To maintain
consistency and fidelity in the 3D Gaussian Splatting (3DGS) representation, the scale of Gaussians

associated with each triangle must be adaptively adjusted. As depicted in Figure 3.3, the area of a
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triangle defined by vertices F, P;, and P, is calculated as:
1
Area(APoPng) = §||V1 X Vg“, (32)

where vi = P, — Fy and vo = P, — F, are the edge vectors. The scale coefficient is determined

as the square root of the ratio of the current triangle mesh area to the previous triangle mesh area:

Area of current triangle mesh

Scale coefficient = \/ (3.3)

Area of previous triangle mesh

The updated scale of each 3D Gaussian is then computed by multiplying its original scale by this
coefficient:

Updated 3DGS scale = Original 3DGS scale x Scale coefficient. 3.4)

This adaptive scaling ensures that the Gaussian splats remain proportionate to the deformed mesh

geometry, preserving detail in complex regions and maintaining computational efficiency as the

SMPL shape evolves.

3.2 Experiments
3.2.1 Experimental Setup

To validate the effectiveness and generalization of our approach, we conduct a series of qualitative
experiments on monocular video inputs sourced from real-world cinematic sequences. Our goal is
to demonstrate how our method reconstructs animatable avatars and enables novel video synthesis

in diverse environments.

Implementation details.

We used GaussianAvatars [38] as our base framework and modified it to use the SMPL model
instead of FLAME. We trained on a single RTX 4090 GPU with the number of iterations reduced
to 30,000 (compared to the original 600,000 iterations). Furthermore, while the original setting

used 11 multi-view images per time frame for training, we drastically simplified the setup by using
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only a single camera view per frame, thus improving training efficiency and memory footprint.

In the original GaussianAvatars setting, the authors conducted experiments on the NeRSemble [49]
dataset, which contains 9 subjects recorded across 11 action sequences and 16 camera views.
Among them, 10 sequences follow predefined expressions or motions, while the 11th is a free-
performance sequence used for visual evaluation. Their training setup uses 9 sequences and 15

cameras for each subject, representing a high-fidelity multi-view capture setting.

In contrast, our approach is designed for monocular human performance scenarios. We adapt the
pipeline to operate on the PeopleSnapshot [46] dataset and custom in-the-wild monocular videos,
where only one camera view is available. For each frame, we fit the SMPL body model and
anchor Gaussians directly on the SMPL mesh to enable controllable rendering and animation from
monocular input. This significantly reduces hardware requirements while preserving high-quality

reconstruction performance.

We retained most of the original hyperparameters from GaussianAvatars [38] to ensure reconstruc-
tion quality. Specifically, we adopted the same learning rates as the original method: 5 x 1072 for
Gaussian positions and 1.7 x 10~2 for scaling, with exponential decay applied to the position learn-
ing rate throughout training. For regularization, we followed the same loss weights and thresholds:

Aposition = 0.01, Ascaing = 1, with thresholds €,osition = 1 and €gcqiing = 0.6.
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Figure 3.4: Motion Transfer on movie clips: La La Land

Motion Transfer.
We utilize CameraHMR [50] to estimate SMPL poses of characters from iconic movie scenes.
These pose sequences are then applied to our trained, editable human avatar represented by a 3D

Gaussian model, enabling realistic rendering with controllable poses.

To recover clean backgrounds from the same movie scenes, we first perform foreground human
segmentation and then use the Anything model [51] for inpainting. This allows us to generate

consistent and visually coherent motion transfer results by compositing the rendered avatar with
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the reconstructed background.

Free-Viewpoint Rendering.

The bottom row of the results demonstrates that our avatar can be rendered from arbitrary camera
angles with a consistent surface appearance, leveraging the advantages of Gaussian splatting in 3D.
These experiments demonstrate the applicability of our approach in video-driven avatar animation,
virtual production, and VFX compositing, where controllable rendering and free-view synthesis

are essential.

3.2.2 Viewer

FilmEdit3D - Local Viewer - O x
¥ Render ¥ smpl pose parameters > ¥ SMp

enable control

number of points t Joinl Shapes

v splatting how mesh 9.000
0] timestep 0,000
0. 000

Arm
Thigh
Lower
Hand

Head

Figure 3.5: 3DFilmPCA Interavtive Viewer. An interactive interface for controlling SMPL-based
3D Gaussian avatars. Users can adjust rendering settings, manipulate joint poses, and edit body
shape parameters, with real-time visual feedback in the central viewport.
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To facilitate the visualization and manipulation of 3D Gaussian Splatting within the context of
dynamic human geometry, we developed a custom interface, the FilmEdit3D - Local Viewer. This
tool enables real-time interaction with the SMPL-based human model and its associated Gaussian

representations. As illustrated in Figure 3.5, the viewer provides several key functionalities:

* Rendering Controls: The interface displays real-time performance metrics, such as a frame
rate of 20 FPS, and the total number of Gaussian points. Users can toggle the visibility of
splatting and mesh representations, adjust the scale modifier (e.g., 1.00), and modify the

vertical field of view (FOV) (e.g., 20 degrees) to optimize the viewing perspective.

* Body Poses Control: The SMPL pose parameters are adjustable via a joint-based interface,
allowing manipulation of the pelvis and other joints with Euler angles. This enables dynamic

pose editing consistent with the underlying SMPL mesh deformation.

* Body Shape Control: Users can modify SMPL shape parameters (e.g., height, chest, waist)
to alter the human model’s geometry, ensuring the Gaussians adapt to changes in shape

parameters (3.

* Time Frame and Scale Adjustment: The viewer supports changing the time frame and
scale of Gaussian Splatting, facilitating the analysis of temporal consistency and spatial co-

herence across animation sequences.
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3.2.3 Shape Editing

2

M h

Figure 3.6: Shape editing results based on the original video. The leftmost image is a frame ex-
tracted from the original input video. The subsequent images illustrate the results of shape editing
applied to the 3D human avatar reconstructed from that video. By manipulating the shape param-
eters of the model, we generate variations representing different body types—including shorter,
taller, thinner, and heavier forms.

4
4

! 1

This module allows real-time editing of the SMPL body shape using PCA-based shape parameters
(commonly denoted as 3). Users can control individual body attributes—such as height, chest,
waist, and leg length—through interactive sliders in the user interface. The shape deformations
are immediately reflected in the rendered Gaussian avatar, enabling intuitive visual feedback. This
functionality is essential for customizing avatars to match different body types or identities.

Mathematically, the body shape is defined by a linear blendshape function:

E
Bs(8) = BaSn, (3.5)
n=1

where S,, € R3V is the n-th principal shape direction (learned from registered scans), and 3, is the

shape coefficient.
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Figure 3.7: Add original background

3.2.4 Poses Editing

Figure 3.8: Interactive pose editing with the 3DFilmPCA viewer. The interface enables real-
time manipulation of SMPL joint rotations. Users can select individual joints and adjust their
orientations along the X, Y, and Z axes, with immediate visual feedback shown on the rendered
Gaussian avatar.
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The pose editing module provides joint-level control over the SMPL model’s kinematic hierarchy.
Users can select specific joints (e.g., pelvis, arms, head) and adjust their 3D rotation parameters
along the X, Y, and Z axes. Internally, this modifies the SMPL pose vector 6, and the associated
3D Gaussian splats are updated accordingly via linear blend skinning (LBS). This feature supports
both fine-grained pose tuning and expressive re-targeting for animation purposes.

The pose-dependent blend shapes are expressed as:

IK

Bp(6) = (Rn(0) — Ru(6)) Py, (3.6)

n=1

where R, (0) are elements of the relative joint rotation matrices (in the kinematic tree), 8™ is the
rest pose, and P,, are pose blend shape directions. Note that K denotes the number of joints
(typically 24 in SMPL), and each 3 x 3 rotation matrix is flattened into 9 components, resulting in

a total of 9K = 216 pose-dependent terms.

The final skinned mesh is computed using the linear blend skinning (LBS) formulation:

K
t; = Z wi: G0, J(8)) (t; + Bs,(8) + Bp,(0)), (3.7

k=1

where t!, is the transformed vertex, wy,; is the skinning weight of joint & for vertex 4, and G is the

global transformation matrix relative to the rest pose.
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Figure 3.9: Rendering result of novel view synthesis based on movie clips.
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Figure 3.10: Rendering result of novel view synthesis based on a scene from Mission: Impossible

— Fallout (2018).
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4. DISCUSSION AND CONCLUSIONS

4.1 Challenges

Despite the promising results achieved by our system, several technical and practical challenges
remain in the development and deployment of real-time human avatar reconstruction and reanima-

tion tools.

First, handling real-world monocular video remains a complex issue due to diverse lighting, motion
blur, and occlusions. Although the system is capable of segmenting and reconstructing dynamic
humans, outlier Gaussians often appear in regions with ambiguous or noisy visual information,

which can degrade visual quality.

Second, Gaussian stability and control present difficulties during pose deformation. When Gaus-
sian points are rigged to deform with the underlying SMPL mesh, subtle inaccuracies in mesh
topology or rapid pose transitions may cause drifting or distortion. Additionally, managing the de-
grees of freedom of each Gaussian while maintaining rendering efficiency requires careful design

of optimization constraints.

Third, while interactive editing of body poses is achievable in 3DFilmPCA, supporting high-
fidelity reanimation across frames without breaking temporal coherence is challenging, especially
in fast-motion sequences. Further work is needed to ensure smoother transitions and consistent

appearance across frames during editing.

Lastly, there is a trade-off between mesh quality and reconstruction speed. Although GSDHuman
significantly outperforms previous methods in reconstruction time, the resulting mesh resolution
and topology may be suboptimal for certain downstream applications like cloth simulation or facial
tracking, which demand higher fidelity.

Overcoming these challenges is key to expanding the system’s applicability in both academic and

professional VFX pipelines.
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4.2 Further Study

While GSDHuman successfully accelerates the reconstruction of dynamic human avatars using
2D Gaussian surfels and achieves high-fidelity textured meshes within minutes, and 3DPreCom-
pAction enables interactive pose editing of Gaussian avatars before video compositing, several

future directions remain open to advance this unified pipeline.

On the research side, we plan to further reduce visual artifacts caused by outlier Gaussians, enhance
the stability and control of Gaussian behavior through UV-based initialization and local offset
learning, and upgrade the model from SMPL to SMPL-X to support finer-grained control of facial
expressions and hand gestures. We also aim to improve the extracted mesh quality by integrating

more accurate normal estimation and surface refinement techniques.

From an application perspective, future work will focus on enabling multi-person editing, expand-
ing the pipeline to support scenes with multiple interacting characters. The viewer system will also
be extended to provide more intuitive user interaction, such as gesture-based joint manipulation or
timeline-based animation editing. Additionally, incorporating semantic priors and camera-aware
UV mapping could significantly improve reanimation fidelity when deploying in real-world cine-

matic production.

Together, these future studies will further bridge the gap between real-time human avatar control
and artist-friendly tools in professional VFX workflows, solidifying this system’s value in both

academic research and industry production.

4.3 Conclusion

In this thesis, we presented two complementary approaches for photorealistic human avatar re-
construction and controllable animation from monocular video. The first approach, GSDHuman,
reconstructs dynamic human avatars efficiently by leveraging 2D Gaussian surfels anchored to
the SMPL model, achieving high-fidelity geometry and texture in minutes. The second approach,

3DFiIlmPCA, builds on arigged 3D Gaussian splatting framework, enabling real-time pose editing
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and shape manipulation through interactive SMPL control.

These two approaches address distinct yet related challenges in human modeling: fast avatar cre-
ation from limited input and intuitive control of avatar motion. Together, they demonstrate the
feasibility of using Gaussian-based representations to support both high-quality reconstruction and

artist-friendly editing.

Our experiments on both lab-captured and in-the-wild data highlight the flexibility, efficiency, and
visual quality of these techniques. We believe this work lays a solid foundation for future research
in human avatar modeling, bridging the gap between advanced rendering algorithms and practical

tools for virtual production and immersive content creation.
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