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Figure 1. Given a monocular video (a), our method can reconstruct the static scene (b) and the animatable human (c). With our proposed
scene lighting representation, we achieve novel view synthesis with novel human poses (d), facilitate human relighting (e), and enable
rendering the human into the novel scene with corresponding lighting conditions (f).

Abstract

Reconstructing 3D humans and scenes from monocu-
lar videos is a challenging task, particularly due to human
motion, varying illumination, and dynamic scene shadows.
While recent works have explored scene disentanglement by
Jjointly modeling humans and their surrounding scenes, they
often overlook illumination and shadow effects—resulting
in inconsistent human appearance and degraded scene re-
alism. To address this gap, we propose a photometrically
consistent integration of human and scene reconstruction
based on 3D Gaussian Splatting, with a key focus on mod-
eling spatially-varying illumination and shadows. Central
to our method is a learnable light volume that provides lo-
calized lighting cues to human Gaussians, enabling more
realistic and consistent appearance synthesis. To further
ensure accurate human geometry and alignment, we adopt
a two-stage reconstruction strategy: we first optimize a hu-
man mesh and then anchor Gaussians to the refined surface.
In addition, we introduce an implicit shadow estimation
module that disentangles cast shadows from the scene, thus
supporting plausible human shadow synthesis. Our frame-
work also facilitates human relighting and compositing into
novel scenes with contextually appropriate lighting. Quan-

*Corresponding author.

titative and qualitative results demonstrate that our method
achieves state-of-the-art performance, producing consistent
appearances, realistic illumination, and enhanced overall
scene realism.

1. Introduction

Reconstructing 3D humans from monocular videos is im-
portant for applications in film production, gaming, and
VR/AR. Recent methods [6, 18, 20, 29, 31, 34, 41, 42,
47, 56, 68, 76] leverage NeRF [40] or 3D Gaussian Splat-
ting (3DGS) [24] to reconstruct dynamic humans in well-
controlled environments. However, these methods are of-
ten limited in in-the-wild settings due to uncontrolled light-
ing and scene complexity. Other approaches that jointly
model full scenes [4, 9, 10, 30, 43, 48, 51, 72, 74] sup-
port human-scene reconstruction but struggle to animate
humans, as they lack explicit human modeling. Alterna-
tively, some methods [16, 21, 25] reconstruct humans and
scenes independently and then merge them in a straightfor-
ward manner. These approaches fail to capture the intricate
relationships between humans and their environments, par-
ticularly the interplay of illumination and shadows, which
is crucial for realistic human-scene reconstruction.

In real-world environments, dynamic human motion,
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camera movement, occlusions, and varying light sources in-
troduce complex illumination changes that affect both hu-
man appearance and scene shadows. To handle these ef-
fects, disentangling human material properties and scene
lighting is necessary. However, recent relightable human
avatar methods [5, 8, 33, 67, 75, 81] typically rely on envi-
ronment maps that assume infinitely distant lighting, mak-
ing them unsuitable for modeling spatially variant illumina-
tion. Moreover, human movement naturally produces dy-
namic shadows. Although existing inverse rendering tech-
niques [14, 22, 54] employ ray tracing to model shadows,
applying them to millions of Gaussians in large-scale scenes
is computationally prohibitive. Furthermore, since these
methods are designed for static scenes, they struggle to han-
dle the complex shadow effects caused by dynamic humans.

In this work, we take a step forward by addressing pho-
tometrically consistent human—scene reconstruction, where
geometry, material, and spatially-varying illumination are
jointly inferred within a unified framework. Unlike prior
works that focus on one aspect, such as human recon-
struction or relighting, we specifically model the inter-
play of lighting and shadows between dynamic humans
and their environments, a crucial yet underexplored task
for realistic reconstruction. To our knowledge, this is the
first exploratory study toward illumination-consistent hu-
man-scene reconstruction from in-the-wild videos.

To this end, we introduce a light-aware reconstruction
framework comprising three components: a light volume, a
two-stage human reconstruction pipeline, and an implicit
shadow estimation module. The light volume defines a
spatially-distributed set of probes, each storing spherical
harmonic coefficients for radiance and a learnable latent
feature for shadow reasoning. This compact representation
captures spatially-varying illumination, enabling coherent
and photorealistic rendering. Based on this lighting repre-
sentation, we reconstruct relightable humans in two stages:
first, by optimizing the SMPL [38] mesh to capture geom-
etry, and second, by estimating material properties through
PBR-based optimization on human Gaussians. Finally, the
implicit shadow module leverages learned lighting features
to efficiently model human-cast shadows on nearby scene
regions, avoiding costly full-scene ray tracing. Together,
these components allow our framework to achieve coher-
ent lighting, realistic shadows, and photometrically consis-
tent human—scene integration under challenging in-the-wild
conditions. In summary, the main contributions are:

* We introduce a framework for illumination-consistent hu-
man-scene reconstruction, jointly modeling geometry,
appearance, and spatially-varying illumination.

* We present the light volume, a new lighting representa-
tion that captures spatially-varying illumination and en-
ables the renderings of fine-grained lighting details.

* Based on the light volume, we introduce an implicit

scene shadow estimation module that effectively and ef-
ficiently disentangles shadow effects from scene and en-
ables shadow-consistent rendering.

* Our framework supports a wide range of downstream
applications, including relightable human avatars and
illumination-consistent human—scene transfer.

2. Related Work

2.1. Human reconstruction

Traditional methods require specialized capture systems
such as depth cameras [17, 57] or dense multi-camera
rigs [65, 66], which limits their practicality in daily use.
Previous works utilized parametric models [ 1, 38] to repre-
sent humans, enabling reconstruction across various poses
and shapes, but they struggle to capture fine details such
as clothing textures and hair. In recent years, numerous
methods [16, 20, 21, 26, 31, 32, 37, 46, 47, 58, 63, 83]
have used NeRF [40] for implicit human representation, al-
lowing human reconstruction from multi-view inputs and
producing high-quality renderings. However, NeRF-based
methods often suffer from low processing speed and sub-
stantial memory consumption. With the advancement of
3DGS technology [24], recent works [0, 18, 25, 29, 34, 41,
42,45,49, 56, 62, 68, 76, 82] employ explicit point clouds
to represent dynamic humans, achieving both high render-
ing quality and efficiency. However, most of these methods
rely on accurate background pre-segmentation and overlook
the influence of the surrounding scene.

2.2. Human-Scene Reconstruction

Current 4D reconstruction approaches can produce high-
quality results of dynamic human and static background.
Some works [43, 44,48, 71] reconstruct dynamic scenes by
decoupling the scenes into a canonical space and a temporal
deformation field. Another line of work exploits 4D grid-
based representations [4, 11-13] to reconstruct the scene.
These methods cannot animate humans as they lack explicit
human modeling.

Performing separate reconstructions of the human and
the scene can effectively handle both camera and human
motion. Neuman [21] renders remarkable results in re-
constructing humans and scenes from monocular video in-
put, while Vid2Avatar [16] introduces SDF to reconstruct
finer human geometric details. HUGS [25], based on
3DGS, achieves higher quality and higher speed dealing
with the time-consuming problem of NeRF-based meth-
ods. HSR[70] and ODHSR[80] mainly focus on address-
ing occlusion handling or camera localization issues within
a unified framework. However, these works emphasize the
details of human reconstruction while neglecting the inter-
actions between humans and the scene, including lighting
conditions and shadows.
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Figure 2. Overview of our method. a) First, we transform the human Gaussians from canonical space to observation space. b) Next,
before splatting, we query the incoming light radiance from the k-nearest probes in light volume. Then we interpolate the light radiance and
perform physically-based rendering on human Gaussians. c) We decode the lighting features extracted from the light volume to estimate
human shadows in the scene. d) Finally, the human and the scene Gaussians are splatting together to render the image and the depth map.

2.3. Material and Lighting Estimation

Disentangling material and lighting from images remains
challenging. Traditional approaches [2, 3, 15, 27, 28, 39,
50, 61] typically assume controlled illumination or known
geometry. NeRF-based methods [22, 54, 64, 77-79] relax
these assumptions by jointly estimating geometry and mate-
rial properties under arbitrary lighting. Recent 3DGS-based
approaches [14, 35, 52, 55, 84] estimate material properties
directly on Gaussian primitives for high-quality reconstruc-
tion, but they are unsuitable for dynamic humans.

To generate relightable humans, some methods [8, 19,
59, 67, 69] leverage NeRF to estimate material properties
and produce corresponding material maps through volume
rendering. Some of them [67, 69] further utilize SDF to
reconstruct. Nevertheless, these implicit-field-based works
are challenging to apply practically due to slow rendering
and training speeds. Another work [7] reconstructs triangu-
lar human avatars based on mesh, which is compatible with
traditional graphics pipeline. Recent works [5, 33, 34, 36,
75] have introduced 3DGS and 2DGS [81] into the relight-
ing task. Most of them focus on decoupling material prop-
erties for relighting, but using simplified environment maps
limits their ability to capture scene illumination accurately.

3. Method

Our approach aims to reconstruct relightable humans and
static scenes, while jointly learning scene illumination and
shadows. As shown in Fig. 2, we employ 3DGS to recon-
struct human and scene separately. The human Gaussians
are defined in canonical space based on refined SMPL mesh
and warped to posed space using LBS (Sec. 3.1). We per-
form PBR on human Gaussions with light volume, which
achieves spatially-variant scene illumination reconstruction

(Sec. 3.2). To achieve scene shadow estimation, for the
scene Gaussians around human, we query features from the
light volume, and leverage a decoder to estimate the occlu-
sion (Sec. 3.3). Several additional constraints are applied
during training (Sec. 3.4).

3.1. Human Reconstruction

To reconstruct more detailed human geometry, we adopt a
two-stage training strategy as shown in Fig. 3.

Stage 1: Geometry and Color Initialization. In the first
stage, we reconstruct the human directly without involving
physically-based rendering. Following [45], we up-sample
the SMPL mesh surface and distribute human Gaussians
over the mesh faces. Then, we employ two hash encoders
to learn vertex-wise offsets A, and color attributes. Specif-
ically, the refined vertices v’ and colors ¢ are obtained as:

v =v+ Fa(v), ¢=F.(v). (1)

In this stage, we extract Gaussians from mesh surface
through barycentric interpolation and indirectly optimize
the mesh by refining these Gaussians.

Stage 2: Physically-Based Appearance Modeling. In the
second stage, we incorporate the PBR pipeline to enable
relightable human appearance. Each human Gaussian, de-
fined in the canonical space, carries basic attributes includ-
ing rotation g € R*, scale s € R3, position € R3, albedo
b € R3, and opacity o € R. These parameters are directly
optimized and further adjusted by densification and pruning
based on KL divergence [18]. To enable realistic shading
effects, we extract normals n € R? from the refined human
mesh and assign the roughness » € R and metallic m € R
attributes with a hash encoder:

{m,r} = Fn(v). 2)
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Figure 3. Pipeline of human reconstruction. We use a two-stage
strategy to model the human, with the yellow and black arrows
representing the first and second stages, respectively.

Self-occlusion introduces ambiguity in disentangling
material and lighting effects. To address this, we introduce
a pose-aware visibility estimator F,;s [36], which takes the
mesh vertex v, pose vector & € R" and view direction
¢ € R3 as input to predict per-vertex visibility vis.

vis = fvis(va 07 ¢) 3)

The final material attributes (m, ), normal attribute n,
visibility vis and LBS weights w € R2* for each human
Gaussian are obtained from their corresponding mesh ver-
tices via k-nearest neighbors (KNN).

3.2. Illumination Reconstruction

To enable the decoupling of scene illumination, we apply
physically-based rendering to each human Gaussian to sim-
ulate lighting effects and achieve more realistic rendering.
The physically-based rendering equation [23] we employ
can be represented as follows:

Ly(we, ) =
Q
“)
where L; and L, represent the incoming and outgoing light
radiance in directions w; and w,. V is the visibility term
modeled in Sec. 3.1. 2 denotes the hemispherical domain
around the normal n. And f indicates the simplified Disney
BRDF model in [14], divided into diffuse reflection term
fa= %, and specular reflection term f:

fs(wo,wi) = D(hir) - F(wo, h) - G(wi, wo, hiT) o)

(n-w;) - (n-wo)

where h represents the half vector. D, F, G denote the
microfacet distribution function, Fresnel reflection and ge-
ometric shadowing factor, respectively.

Existing human relighting methods typically assume that
the light is emitted from infinity and use a single environ-
ment map, which cannot handle spatially-varying or oc-
cluded illumination in complex scenes. Unlike most works
which set the lighting conditions as an environment map,

f(wo,wi, ®)V (w;i, ®) Li(w;, x) (wi-n)dw;,

we introduce light volume to model the finer level illumi-
nation. As shown in Fig. 2(b), the light volume is designed
as a grid where each vertex is represented as a light probe.
We define the light probes as spherical harmonics instead
of environment maps. Since we reconstruct the scene from
a single view, certain incoming light remains unobserved,
making it challenging for the environment map to capture
information from unseen directions. However, low-degree
harmonics can smooth the light radiance across all direc-
tions, which is beneficial for novel-view rendering.

Given a human Gaussian in observation space, we locate
the n-nearest light probes. For each light probe py, we per-
form the same operation: Fibonacci sampling [73] of the
incoming light w; based on the normal n of the Gaussians,
then derive the incoming radiance L using spherical har-
monics. The final radiance L; for each incoming direction
is obtained via interpolation:

Li(@,w;) ~ = wggik(gk’%),

where n denotes the number of probes, wy/(-) denotes the
weight of the probe p.

Finally, the PBR color of human Gaussians can be given
by Monte Carlo integration:

(6)

Ny
d(wo) = Y (fat folwo,wi))V (ws) Li(wi) (w; - n) Awi,

i=0
(7
where IV; represents the number of sampled light rays.

3.3. Scene Shadow Estimation

To model the shadows cast by dynamic humans onto the
static scene, we estimate local occlusion effects in an im-
plicit manner, as shown in Fig. 2(c).

Each light probe p; in the light volume is assigned a la-
tent lighting feature z;, which captures localized illumina-
tion context. To efficiently estimate human-induced shad-
ows, we first compute an axis-aligned bounding box around
the human in observation space and identify scene Gaus-
sians located within this region before splatting.

For each selected scene Gaussian, we retrieve the rele-
vant lighting feature z from the surrounding light probes via
interpolation. We additionally consider two spatial descrip-
tors to model the influence of lighting on shadow formation:
the distance d and orientation r of the scene Gaussian rel-
ative to the center of the human bounding-box. These de-
scriptors are concatenated with the lighting feature z and
passed into a shadow-weight decoder network F,, to pre-
dict an occlusion factor ao. The resulting scalar is then used
to modulate the spherical harmonics of each scene Gaus-
sian, simulating the soft shadow effect introduced by the
nearby human. The decoder can be formally expressed as:
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Table 1. Quantitative comparison on the NeuMan dataset [21]. Our method achieves state-of-the-art performance in all sequences.

| Jogging | Bike | Lab | Parkinglot | Citron | Seattle
| PSNR1 SSIMt LPIPS| | PSNRT SSIM{ LPIPS| | PSNRT SSIM{ LPIPS| | PSNRT SSIMt LPIPS| | PSNR+ SSIM{ LPIPS| | PSNR4 SSIM{ LPIPS |
4DGS 19277 0554 0483 | 20457 0726 0318 | 18841 0727 0364 | 21317 0699 0392 | 16971 0677 0432 | 18532 0577 0329
Vid2Avatar | 15043 0414 0609 | 14862 0514 0582 | 13962 0601 0566 | 21.561  0.688 0344 | 14324 0622 0503 | 17406 0558  0.480
NeuMan | 22697 0681 0273 | 25551 0830 0166 | 24960 0862 0149 | 25434 0800 0201 24757 0812  0.178 | 23987 0782  0.194
HUGS | 23746 0778 0177 | 25454 0844 0097 | 25994 0915 0070 | 26859 0849 0135 25539 0859  0.095 | 25934 0852  0.093
Ours | 26125 0862 0120 | 29.02 0922  0.046 | 28604 0934 0055 | 29859 0900 0095 27.2070 0.880 0068 | 2956 0931  0.051

Table 2. Quantitative comparison of ours method with baseline mehods on the NeuMan dataset [21] over the human regions. Our
method significantly outperforms NeRF-based and Gaussian-based baselines on all metrics.

| Jogging | Bike | Lab | Parkinglot | Citron | Seattle
| PSNR1 SSIM? LPIPS| | PSNRT SSIM{ LPIPS| | PSNRT SSIM1 LPIPS| | PSNRT SSIM{ LPIPS| |PSNR{ SSIM{ LPIPS||PSNRT SSIM{ LPIPS|
Vid2Avatar | 16.360 0.465 0.278 12.444 0.392 0.482 15.987 0.616 0.290 18.513 0.652 0.214 ‘ 15.964 0.594 0.242 16.902 0.512 0.250
NeuMan 17.572 0.538 0.274 19.049 0.660 0.174 18.756 0.726 0.193 17.663 0.660 0.206 18.589 0.638 0.161 18.417 0.578 0.186
HUGS 17.452 0.588 0.256 19.476 0.673 0.158 18.789 0.761 0.152 19.437 0.729 0.151 19.157 0.706 0.134 19.060 0.668 0.142
Ours ‘ 20.475 0.684 0.152 ‘ 22.586 0.77 0.084 ‘ 22.106 0.808 0.108 ‘ 22.375 0.788 0.102 20.955 0.726 0.096 ‘ 22.902 0.771 0.092
We expect that the lighting of probe neighbors will
a0 = Foo(y(r),v(0), 2), (8) not change drastically, then we introduce a probes loss to

where ~y(+) denotes the position encoding. This implicit for-

mulation enables efficient approximation of dynamic shad-

owing without full-scene ray tracing. The updated spherical
harmonics for the scene Gaussians are then defined as:

SH' =ao - SH. )

Finally, the scene Gaussians are combined with human
Gaussians and sent to the Gaussian splatting rasterizer.

3.4. Training Objectives

Image Loss. Similar to previous work, we supervise our
rendered image of both the human and the scene by directly
applying L1 loss, SSIM loss [60], and perceptual loss with
VGG [53]. The image loss is defined as:

Eimage = >\h£human + Asﬁscene- (10)

Regularization of Depth. Accurate scene geometry is es-
sential for stable human movement and reducing depth am-
biguity. We render depth maps via splatting and supervise
them using an L1 loss, represented as Laepth-

Mesh loss. To smooth the human mesh, we apply a Lapla-
cian regularizer L, in the first stage.

Smooth Loss. To estimate materials correctly, we apply a
smooth constraint [14] on the materials as:

'Cmate'rials = HVRHGXP(_HVCgt”) (11)
where R denotes the rendered materials map.
To smooth the scene shadow, we apply Lspadows as:
N
ACshadows = Z Z || ao’ — aok ||17 (12)

i=1 kePi

where N, is the number of scene Gaussians, Pg is the k-
nearest domain of scene Gaussians z?.

smooth the local light conditions:

N, K
1
Eprobe = § H Lz - ? E Lj ||17 (13)
i=1 j=1

where IV, is the probes in light volume, K is the k-nearest
probes count, L; is the radiance of the probes p;. Then the
smooth loss involves Linateriats, Lprove and Lghadow:

‘Csmooth = )\mﬁmaterials + Apﬁprobe + )\sﬁshadouw (14)

Scale Loss. We find that large Gaussians might lead to ar-
tifacts in novel poses synthesizes, then we apply scale loss
Lscale [75] on the size property of human Gaussians.

The overall training objective function is formulated as :

L= Alﬁimage + )\2£depth + )\3£smooth + )\4£scale~ (15)
4. Experiments

4.1. Dataset and Metrics

NeuMan [21]. A collection of 6 videos captured by mobile
phone, in which a person walks in different scenes, includ-
ing the indoor scene Lab and outdoor scenes Citron, Seattle,
Parkinglot, Bike, and Jogging.

ZJU-MoCap [47]. An indoor dataset without scene back-
ground. We select 6 human subjects (377, 386, 387, 392,
393, 394) to conduct experiments.

Metrics. We follow previous works to evaluate our method
using three standard metrics, i.e., Peak Signal-to-Noise Ra-
tio (PSNR), Structural Similarity Index Measure (SSIM),
and Learned Perceptual Image Patch Similarity (LPIPS).

4.2. Comparison

4.2.1. Quantitative Results

We follow HUGS [25] and validate our method on
two aspects: entire scene and human reconstruction.
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Figure 4. Qualitative results comparing our method with baseline methods. Our work shows better reconstruction quality both human
and scene. Furthermore, our approach captures more human details (green boxes), lighting (blue boxes) and shadow effects (red boxes).

Table 3. Quantitative comparison of our method with SOTA
methods on the ZJU-MoCap dataset [47].

Method ‘ PSNR 1 SSIM 1 LPIPS |
NB 29.31 0.9628 0.05208
HumanNeRF 30.53 0.9695 0.03131
Intrinsic Avatar | 28.43 0.9582 0.04894
HUGS 30.56 0.9703 0.03089
Ours \ 30.73 0.9705 0.02840

Tab. 1 and Tab. 2 compare our method with 4DGS [72],
Vid2Avatar [16], NeuMan [21], and HUGS [25] on the Neu-
Man dataset. Tab. 1 reports scene-level reconstruction qual-
ity, and Tab. 2 reports human-region quality. Our method
outperforms all baseline methods in both evaluations.

In Tab. 3, we also compare our method with four base-

lines on novel view synthesis on the ZJU-MoCap dataset.
We train all methods using a single view as input, and the
results show that our method also achieves state-of-the-art
performance.

4.2.2. Qualitative Results

Human-Scene Reconstruction. In Fig. 4, our method
shows better reconstruction quality than the baselines in the
background regions of the scene. Vid2Avatar models the
scene in a human-centered coordinate system, resulting in
the lack of global 3D consistency across frames. Therefore,
it fails to render a high-quality background. Thanks to the
advancements of 3DGS, both our method and HUGS are
able to reconstruct more detailed background information.
In contrast, our reconstructed scene exhibits enhanced clar-
ity and finer detail, as evidenced by the clearly rendered
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Figure 5. Qualitative results comparing our method with human relighting baseline methods.
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Figure 6. Qualitative results of ablation study on the Lab sequence of NeuMan dataset. “w/o light volume” means that we don’t

perform PBR on human Gaussians.

floor tiles (row 1, 2). Additionally, owing to our scene
shadow estimation module, our method can predict the hu-
man shadow within the scene (red boxes in row 2, 3).

In human regions, our method shows more details in ge-
ometry and lighting. Compared with Vid2Avatar and Neu-
man, we can preserve more geometry details on human
heads, hands, and shoes. Due to the lack of lighting and ma-
terial decoupling, NeuMan and HUGS display incorrect hu-
man appearance (blue box in row 1). Although Vid2Avatar
also shows the correct appearance, it relies on human pose
parameters instead of lighting. Thanks to light volume, we
can reconstruct appearances with lighting features such as
the highlights on the hair and localized lighting effects on
the clothing (blue boxes in row 1, 3).

Human Relighting. As shown in Fig. 5, we present quali-
tative comparisons of human relighting on the ZJU-MoCap
dataset, compared with the baselines R4D [8], TA [59],
and IRAGA [75]. Due to limited material disentanglement,
R4D fails to relight effectively. IA over-smooths the geome-
try, causing noticeable loss of appearance details, especially
in facial regions (red box). IRAGA relies on a 3DGS re-
construction with a pre-extracted mesh, but often introduces
geometric artifacts, while our two-stage reconstruction pro-
duces smoother and more stable geometry (orange box). In
addition, IRAGA’s albedo shows regional inconsistencies,
leading to unrealistic relighting (blue box), whereas our dis-
entangled albedo preserves richer fine-grained details, such
as clothing wrinkles (green box).
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Table 4. Ablation study on several designs. All methods are
trained and rendered on Lab sequence of NeuMan dataset.

Method | PSNR 1 SSIM 1 LPIPS |
w/o light volume | 21.97 0.8055 0.1061
w/o shadow 21.59 0.8100 0.1068
w/o Lprobe 21.87 0.8035 0.1121
w/o two-stage 22.08 0.8054 0.1130
Ours \ 22.18 0.8104 0.1049

Referencé full mode w/o shadow estima;tloﬁ
Figure 7. Ablation study on scene shadow estimation. Results
show that our method can effectively disentangle shadows from

the scene, thereby improving the quality of scene reconstruction.

4.3. Ablation study

We conduct ablation studies on the NeuMan dataset to eval-
uate the contribution of key components in our framework.
Ablation studies on Light Volume. As shown in Tab. 4,
light volume and probe loss significantly improve all met-
rics. In Fig. 6, without light volume, the human appearance
lacks significant lighting detail, such as highlights on the
hair and diffuse reflections on the clothing, which suggests
that the light volume is effective for local lighting recon-
struction in the scene. We also exhibit the effect of remov-
ing the probe loss from the light volume, which results in
unrealistic lighting in certain areas (face, shoes) in Fig. 6.
This occurs because some light probes within the light vol-
ume are insufficiently trained.

Ablation studies on Scene Shadow Estimation. Tab. 4
shows that scene shadow estimation can produce better re-
sults. In Fig. 6, the integration of shadow estimation mod-
ule enables the synthesis of plausible shadows beneath the
human, which in turn enhances the perceptual realism of
the reconstructed human-scene. Furthermore, the results
in Fig. 7 present that the model without shadow estimation
might learn dynamic human shadows as a part of the scene,
decreasing the scene reconstruction quality.

4.4. Applications

Our framework supports a wide range of downstream ap-
plications. As shown in Fig. 8, we place humans into new

Human2

Humanl

Figure 8. Qualitative results of human scene transfer. We trans-
fer humans from the Lab and Bike sequences to different scenes
with the correspondent lighting condition.

it

Courtyard Sunrise Sunset Courtyard Sunrise Sunset

Figure 9. Qualitative results of relighting. We present renderings
under different environment lighting conditions.

scenes and apply the corresponding illumination, resulting
in consistent appearance changes across scenes, facilitating
applications in scene replacement. Fig. 9 shows that our
method can perform human relighting from monocular in-
the-wild video.

5. Discussion

Conclusion. We propose a novel framework for 3D human-
scene reconstruction from monocular videos, with a spe-
cific focus on modeling spatially-varying illumination and
dynamic shadows. To achieve this, we adopt a two-stage
reconstruction strategy to build a relightable human with re-
fined geometry. We further introduce a light volume repre-
sentation that encodes localized lighting information across
the scene. Leveraging these lighting features, we develop
an implicit shadow estimation module that predicts occlu-
sion factors to model cast shadows. Extensive experiments
demonstrate that our approach achieves state-of-the-art per-
formance in novel-view and novel-pose synthesis, and en-
ables applications such as scene and illumination transfer.
Limitation. Our method achieves human-scene modeling
through an optimization-based approach, indicating that we
cannot perform novel human or scene prediction in a feed-
forward manner. Moreover, our method assumes a rela-
tively static scene environment, which limits its ability to
model mutual interactions between multiple dynamic hu-
mans and complex scene dynamics.
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