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Abstract
While 3D Gaussian Splatting (3DGS) has revolutionized novel-view synthesis, accurately recovering reflective surfaces
remains a significant challenge due to inherent depth estimation errors and the limited capacity of spherical harmonics in
representing high-frequency reflections. In this paper, we propose PGSR-DR, a reflection-aware framework that integrates
planar-based Gaussian reconstruction with deferred rendering for high-fidelity geometry and appearance recovery. We first
establish a reliable geometric foundation by introducing a depth-calculation method for planar-based Gaussians. Our method
eliminates conventional estimation artifacts and incorporates joint depth-normal consistency and multi-view supervision to
ensure global structural coherence. To capture intricate specularities, we incorporate a learnable environment map within a
deferred rendering pipeline that uses Nvdiffrast for efficient sampling and explicit modeling of view-dependent appearances.
Experimental results demonstrate that our method achieves competitive rendering quality and notably improved geometric
accuracy for reflective surfaces, with planar-based Gaussian primitives closely adhering to the underlying surfaces while
maintaining real-time performance.
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1 Introduction

Photorealistic novel-view synthesis (NVS) and accurate geo-
metric reconstruction are keyobjectives in computer graphics
and vision with extensive applications in AR/VR, 3D content
generation, and autonomous driving [1, 2]. Neural Radiance
Fields (NeRF) [1] represent a milestone in this domain by
leveraging neural implicit functions and volume-based ray
marching to achieve high-fidelity rendering. However, the
heavy computational cost of volume rendering often yields
long training cycles and also hinders real-time inference.
Recently, 3D Gaussian Splatting (3DGS) [2] has emerged as
a transformative alternative. By optimizing explicit 3DGaus-
sian primitives and using a tile-based rasterization pipeline,
3DGS achieves rapid convergence andmillisecond-level ren-
dering speeds.

Despite these advantages, standard 3DGS relies primar-
ily on photometric loss to supervise Gaussian optimization,
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which often leads to poor geometric convergence. With-
out explicit structural constraints, Gaussian primitives tend
to “float” in empty space rather than conform to actual
object surfaces, resulting in significant artifacts in geomet-
ric reconstruction. Recent advancements, such as 2DGS [3]
and PGSR [4], have mitigated these issues by introduc-
ing view-consistent geometric priors and planar constraints.
While achieving high-fidelity surface reconstruction for
Lambertian scenes, these methods however consistently fail
when handling highly specular surfaces. In such scenarios,
high-frequency, view-dependent reflections confuse the opti-
mization process, causing existing methods to struggle with
the ambiguity between surface geometry and reflected radi-
ance.

To address these challenges, we propose PGSR-DR, a
reflection-aware framework that combines geometric opti-
mization with deferred rendering to achieve both high-
precision reconstruction and photorealistic appearance syn-
thesis. Our approach is built upon three key technical
insights:

1. We mitigate the depth estimation bias in conventional
Gaussian rasterization by deriving a depth calculation.
Under a planarity assumption, this yields more stable and
accurate depth values.

2. We jointly enforcedepth-normal consistency andmulti-
view geometric supervision, ensuring that Gaussian
primitives adhere to the underlying surfaces with global
coherence.

3. We overcome the representational limits of spherical
harmonics in capturing high-frequency reflections by
integrating a learnable environment map in a deferred
rendering pipeline. By leveraging Nvdiffrast [5] for
efficient sampling, we explicitly decouple intricate spec-
ularities from surface geometry.

Experimental results demonstrate that PGSR-DR achieves
competitive rendering quality and consistently better geo-
metric accuracy than prior real-time approaches on reflective
surfaces. The planar-based primitives adhere closely to
object surfaces, producing globally coherent geometry. This
gain reflects a quality–speed trade-off: on synthetic scenes,
our method runs at real-time rates comparable to leading
methods; on real-world scenes, throughput drops as dense
primitives raise the cost of per-pixel depth computation.

To summarize, our main contributions are:

• We build upon planar-based representations and aug-
ment 3D Gaussian primitives with additional attributes
(normals, depth, reflection strength) enabling a joint
optimization framework that combines depth-normal
andmulti-view consistency to accurately alignGaussians
with the scene geometry.

• We design a learnable environment map sampled via
Nvdiffrast and integrated into a deferred rendering frame-
work that enables high-fidelity synthesis of complex,
view-dependent specular appearances.

• We show via extensive evaluations that our method
delivers a favorable quality-speed trade-off: it provides
geometric and appearance reconstruction quality. In par-
ticular, compared to existing methods in the same class,
ourmethod offers better geometric accuracy and/or better
visual quality on specular surfaces.

In the following, we first review relevant related work
(Sect. 2). Section3 overviews Gaussian splatting and its
limitations. Section4 details our method. Section5 presents
results and relevant comparisons. Finally, Sect. 6 concludes
the paper.

2 Related work

2.1 Neural surface reconstruction

Early neural reconstruction frameworks primarily used vox-
els [6], point clouds [7], or implicit fields [8] to recover
geometry. These pioneering methods often struggled with
the trade-off between resolution and computational cost.
NeRF [1] represents scenes with a Multi Layer Percep-
tron (MLP) that maps spatial locations to color and density,
computed via volume rendering. Yet, its density-based rep-
resentation often yields noisy, ‘foggy’ geometry. To address
this, NeuS [9] and VolSDF [10] integrated Signed Distance
Functions (SDFs) into the volume rendering pipeline, ensur-
ing smoother surface extraction. Neuralangelo [11] pushed
quality further by using multi-resolution hash encodings to
capture fine-grained details.

However, the implicit nature of MLPs in NeRF-based
models leads to relatively slow inference. 3D Gaussian
Splatting (3DGS) [2] emerged as a breakthrough offering
real-time rendering via explicit primitives. To bridge the
gap between splatting and accurate surfaces, SuGaR [12]
enforced Gaussians to align with surface geometry for Pois-
son reconstruction, while 2DGS [3] collapsed 3D volumes
into view-oriented 2D disks to improve geometric consis-
tency. Recent extensions such as GOF [13] and PGSR [4]
introduced opacity fields and multi-view regularization,
respectively. VCR-GauS [14] regularizes Gaussian prim-
itives with geometric priors distilled from a pre-trained
normal estimator. Despite these advances, existing 3DGS
methods predominantly assume Lambertian reflectance and
yield significant geometric distortion when applied to highly
specular surfaces.
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2.2 Specular and reflectionmodeling

Modeling reflective objects is inherently hard due to the high-
frequency, view-dependent nature of specular highlights.
Ref-NeRF [15] addressed this by re-parameterizing radiance
as a function of the reflected direction and introducing a pred-
normal constraint. NeRF-Casting [16] and ENVIDR [17]
utilized neural ray tracing to simulate complex light trans-
port. To handle metallic surfaces, NeRO [18] decomposed
scenes intomaterial and lighting components using physical-
based rendering (PBR) principles.

In the 3DGS domain, recent work has attempted to replace
simple spherical harmonics (SH) with more expressive
reflection models. 3iGS [19] employs tensorial factoriza-
tion to optimize incident illumination. GaussianShader [20]
separately models view-dependent effects. To handle com-
plex environment reflections, 3DGS-DR [21] and Ref-
GS [22] adopted deferred rendering architectures. Specif-
ically, 3DGS-DR uses a data-driven approach to optimize
normal directions; however, this yields prolonged training
time.Ref-GSuses aMLP to query environment colors,which
incurs high inference-time overhead and makes real-time
rendering difficult. In contrast to previous work, we intro-
duce geometric constraints to regularize normal directions
and leverage Nvdiffrast [5] for efficient environment map
sampling, thereby achieving both fast training convergence
and real-time rendering performance.

3 Gaussian splatting preliminaries

3D Gaussian Splatting (3DGS) [2] represents a 3D scene
using a set of anisotropic 3D Gaussians. Each such Gaus-
sian is described by its center µ ∈ R

3 and a 3D covariance
matrix�. To ensure� remains positive semi-definite during
optimization, it is factorized into a scaling matrix S and a
rotation matrix R via

� = RSS�R�. (1)

The influence of a Gaussian (µ, �) at a point x is then

G(x) = exp

(
−1

2
(x − µ)��−1(x − µ)

)
. (2)

For rendering, such 3D Gaussians are projected onto a 2D
image plane.Given a viewing transformationW and the Jaco-
bian J of the projective transformation, the covariancematrix
in camera coordinates �′ is given as follows:

�′ = JW�W� J�. (3)

Given a set of N such Gaussians, the appearance of each
Gaussian 1 ≤ i ≤ N is parameterized by an opacity αi ∈
[0, 1] and color ci typically represented by SH coefficients.
3DGS renders the color of a specific pixel using a tile-based
rasterizer to sort Gaussians by depth. The final pixel color C
is computed via front-to-back alpha blending

C =
∑
i∈N

ciαi

i−1∏
j=1

(1 − α j ), (4)

Similarly, the rendered depth D in conventional 3DGS is
typically computed as the weighted sum of the distances zi
from Gaussian centers µi to the image plane as

D =
∑
i∈N

ziαi

i−1∏
j=1

(1 − α j ). (5)

Limitations: While the SH coefficients in Eq. (4) can model
low-frequency view-dependent effects, they struggle to cap-
ture high-frequency reflections on specular surfaces. Also,
the standard depth calculation in Eq. (5) often introduces esti-
mation biases, as it treats Gaussian centers as discrete points
rather than considering the continuous distribution along the
ray, which we address in PGSR-DR as explained next.

4 Method

As explained in Sect. 2, reconstructing and rendering spec-
ular surfaces from multi-view images remains challenging
due to their view-dependent appearance and complex light
interactions. We address this by a joint training framework
for geometry and appearance, which achieves efficient train-
ing and accurate reconstruction by modeling and optimizing
geometric shape and appearance color separately (see Fig. 1).
We first extend the properties of 3DGS to generate a G-
Buffer that encodes geometric information (Sect. 4.1). Next,
we introduce a learnable environment map to fetch reflec-
tive colors and render them in conjunction with the G-Buffer
(Sect. 4.2). Finally,we impose depth-normal consistency reg-
ularization to enforce geometric constraints (Sect. 4.3).

4.1 Extension of Gaussian properties

To better reconstruct and render object surfaces, we intro-
duce three per-Gaussian attributes: Two geometric attributes
(normal and depth) enforce geometric constraints via corre-
sponding normal and depth maps, and a reflectance attribute
(reflect strength) to modulate the influence of the learned
environment map during deferred shading. We detail these
next.
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Mutil-View
Regularization

Nvdiffrast

G-Buffer

Image Loss

Single-View
Regularization

Defered Render

Fig. 1 Overview of PGSR-DR. During rendering, we first generate a
per-pixel G-buffer via Gaussian splatting (Eq. 2). Based on this buffer,
we adopt a deferred shading approach that uses the normal map (com-
puted as explained in Sect. 4.1) to sample reflection colors from the
environment map. Base and reflection colors are then blended via a

reflection weight map. During training, we enforce depth-normal con-
sistency constraints togetherwith single-view andmulti-viewgeometric
regularization, which guides Gaussians to closely adhere to the object
surface

Normal vector: Following NeuSG [23], the normal vector
ni of a Gaussian is defined as the row of its rotation matrix
Ri that corresponds to the smallest scaling factor sk of Si . In
the world coordinate system, this is expressed as

ni = Ri [k, :] ∈ R
3, k = argmin

([s1, s2, s3]) ∈ R, (6)

which aligns the normal ni with the direction of the Gaus-
sian’s shortest axis.

Since ni is constant over a given Gaussian, a normal map
n can be computed directly by substituting the color ci with
(ni + 1)/2 in Eq. (4).

Depth attribute:Accurate depth estimation requires com-
puting the intersection between the camera ray and a Gaus-
sian ellipsoid. Many existing methods approximate depth
simply as the projected distance of the Gaussian center. This
leads to biased estimates, especially near silhouettes and
highly specular regions.

To simplify the ray-Gaussian intersection calculation, we
adopt the scale regularization loss Lscale from NeuSG and
assign a large weight to it so that it plays a dominant role
during training. This loss ‘compresses’ the 3D Gaussian
ellipsoids into extremely flat shapes by driving the small-
est scaling component of each Gaussian toward zero. That

is, we have

Lscale = ∥∥min(s1, s2, s3)
∥∥
1. (7)

As a result, each Gaussian can be well approximated by a
plane defined by its center µi and its normal ni .

Following VCR-GauS [14], with this planarity assump-
tion, the intersection between a camera ray y = rt (with unit
direction r and distance along ray t) and the Gaussian satis-
fies ni · (y − µi ) = 0. Solving for t and projecting onto the
camera’s z-axis yields the per-pixel depth value

d = ni · µi

ni · r rz, (8)

where rz is the z-component of r in camera coordinates.
Reflection strength: To accurately model the spatially

varying specular contributions in deferred rendering, we
introduce a scalar attribute called reflection strength wr ∈
[0, 1]. It serves as a per-pixel weight during deferred shad-
ing, scaling the contribution of the learned environment map
E based on local surface properties.

4.2 Deferred rendering for Gaussian splatting

Conventional view-dependent color representations, such
as spherical harmonics (SH), primarily rely on observa-
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GT RGB Final Color Base Color Reflect Color Reflect Weight

Fig. 2 Visualization of our deferred color composition. The final color is composed of a base color fromGaussian splatting and a specular reflection
color from a learnable environment map. Insets marked in red show details

tion direction, which often fails to accurately reconstruct
high-frequency specular reflections. In contrast, specular
appearance is dominated by the viewing direction and envi-
ronmental illumination rather than intrinsic object properties.
Inspired by 3DGS-DR [21], we adopt a deferred render-
ing formulation. Instead of querying reflection colors per
Gaussian, we compute them per pixel. This strategy reduces
ambiguity and significantly improves computational effi-
ciency. In our deferred pipeline, the final pixel color C is
composed of a base term fromGaussian splatting and a spec-
ular term from a learnable environment map E as

C =
N∑
i=0

ciαi

i−1∏
j=1

(1 − α j ) + wr E(r̂ − 2(r̂ · n̂)n̂), (9)

where r̂ is the unit ray-incident direction at the pixel and
n̂ is the unit normal of the surface rendered at that pixel.
To efficiently query the environment map E in a differen-
tiable manner – needed for the subsequent neural network
training – we use Nvdiffrast [5] to accelerate the sampling
process. Integrated within our deferred rendering pipeline,
Nvdiffrast enables fast and memory-efficient gradient-based
optimization of E . It rasterizes the reflected direction vec-
tor r̂ − 2(r̂ · n̂)n̂ for each pixel and returns the sampled
color along with its analytical gradient with respect to both
direction and texture parameters. This implementation not
only ensures real-time performance during inference but
alsomaintains full differentiability, allowing the environment
map to be jointly optimizedwith theGaussian attributes. Fig-
ure2 shows the results of this process.

4.3 Depth normal supervision

Single-View Regularization: To enforce local geometric
consistency,weadopt a normal-consistency constraint between

the rendered normal map n and the depth gradient normals.
Under a local-plane assumption, the depth at each pixel
defines a surface whose normal can be estimated via finite
differences. In more detail: Given the depth function d(u, v)

at a pixel with 2D coordinates (u, v) (as computed in Eq. 8),
we can estimate the surface’s unit normal at that pixel as

Ni = ∂ud × ∂vd

‖∂ud × ∂vd‖ . (10)

The single-view geometric loss is then defined as the
cosine similarity between the rendered normal ni and the
depth-derived normal Ni over all pixels in a frame V to ren-
der as

Lsingle =
|V |∑
i=1

(
1 − nTi Ni

)
. (11)

Minimizing this loss encourages the rendered normal map
to align with the local geometry implied by the depth map,
thereby improving local surface coherence.

Multi-View Regularization: While single-view regular-
ization offers a reliable initial geometry, the discrete nature
of Gaussian optimization often introduces inconsistencies
across different views of the same scene. To ensure global
structural coherence, we incorporate a multi-view geomet-
ric consistency prior. This is particularly important because
photometric losses can be unreliable under noise, blur, or
weak textures. Unlike SDF-based methods (e.g., NeuS [9] or
NeRO [18]), we cannot rely on dense spatial smoothness con-
straints such as the Eikonal loss [24]. Our multi-view prior
mitigates the impact of unreliable image-based updates and
helps guide the Gaussians toward globally consistent geom-
etry. We use the reprojection error of the same surface point
as a constraint. First, the depth values dr and dn for the refer-
ence and neighboring views (with an angular separation no
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Table 1 Mesh quality in terms
of Chamfer Distance (CD)↓
multiplied by 102 on the Glossy
Synthetic dataset

Method Angel Bell Cat Horse Luyu Potion Tbell Teapot Mean Time

NeuS 0.85 1.46 2.78 1.53 1.66 3.93 3.48 5.46 2.64 > 12 h

NeRO 0.40 0.36 0.52 0.40 0.63 0.53 0.54 0.51 0.48 > 12 h

2DGS 2.76 2.64 2.97 1.38 1.55 1.84 5.59 2.52 2.65 ∼ 15 m

GOF 0.99 9.59 4.11 1.54 2.00 5.20 8.47 5.92 4.73 ∼ 2 h

PGSR 0.51 3.00 4.00 0.76 1.03 4.94 6.26 4.74 3.15 ∼ 30 m

Ref-GS 0.48 0.70 1.70 0.56 0.87 1.36 0.54 1.36 0.95 ∼ 30 m

Ours 0.47 0.49 1.54 0.46 0.97 1.03 0.51 1.29 0.85 ∼ 30 m

The best (that is, lowest) distance value is marked in Bold. The second best (second-lowest) is marked in Italic

Fig. 3 Visualization of surface reconstruction for reflective objects. Compared to other reconstruction methods (e.g., Ref-GS and PGSR), our
approach achieves more accurate surface geometry reconstruction for reflective objects

more than 30◦) are obtained using Eq. 8. The depth value
dr of a pixel pr is then transformed into a 3D point P in the
world coordinate system as

P = RT
r (dr · K−1

r pr − Tr ), (12)

where Kr , Rr and Tr denote the intrinsic matrix, translation
vector, and rotationmatrix of the reference view, respectively.
The spatial pointP is thenprojected into the neighboringview
to obtain

pn = Kn(RnP + Tn), (13)

where Kn , Rn , and Tn are the same as Kr , Rr , and Tr , but for
the neighboring view. Since the projected coordinate pn may

not lie exactly on the pixel grid of the neighboring frame,
we sample the via bilinear interpolation over the four nearest
pixel neighbors of pn in the neighboring depth map. Using
Eqs. 12 and 13 again, the coordinate p̃r in the reference
view is then derived. Minimizing the forward and backward
projection errors constitutes the multi-view geometric con-
sistency regularization, computed over all pixels W in the
image (excluding those with high forward and backward pro-
jection errors). This loss reads as

Lmulti = 1

|W |
∑
pr∈W

φ(pr ), (14)
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where φ(pr ) = ‖pr − p̃r‖ is the forward and backward pro-
jection error of pr . When φ(pr ) exceeds a certain threshold
(empirically set to φ(pr ) > 1), we consider that the pixel
is occluded or that there is a significant geometric error. To
prevent occlusion errors, these pixels are not included in W .
Note that, if such pixels aremistakenly identified as occluded
due to geometric errors, this does not affect our final conver-
gence. This is because the single-view regularization term
and the use of sparse 3DGaussians to represent dense scenes
will gradually propagate high-precision geometry, eventually
leading all Gaussians to converge to the correct positions.
During training, we use the same combination of L1 and
D-SSIM loss LDSSIM as in 3DGS to yield the final image-
rendering loss

Lrgb = L1 + (1 − λ1)LDSSIM, (15)

where, following 3DGS, we set λ1 = 0.2. The combined loss
used to train our entire framework is thus

L = Lrgb + λ2Lscale + λ3Lsingle + λ4Lmulti. (16)

Based on experiments, we set λ2 = 100, which encourages
the 3DGaussians to becomeplanar by penalizing the smallest
scaling component; in order to reconstruct clean geometry,
we set λ3 = 0.2 and λ4 = 0.1.

5 Experiments

Datasets: To validate the effectiveness of our approach, we
conduct experiments on three datasets featuring reflective
surfaces: two synthetic datasets, Shiny Blender [15] and
Glossy Synthetic [18]; and one real-world dataset, Shiny
Real [15]. Shiny Blender contains objects with mixed diffuse
and specular materials, testing generalization across var-
ied reflectance. Glossy Synthetic focuses on highly specular
objects under changing illumination, emphasizing recon-
struction of strong view-dependent reflections. Shiny Real
contains captured real scenes with complex reflective sur-
faces under natural lighting, which tests the robustness and
practicality of our method in real-world scenarios.

Baselines and metrics: We measure the advantages of
our method in terms of reconstruction and rendering quality.
For reconstruction quality, we compare with NeRF-based
methods, including NeuS [9] and NeRO [18], as well
as 3DGS-based methods including 2DGS [3], GOF [13],
PGSR [4] and Ref-GS [22]. For rendering quality, we com-
pare with Gaussian-based methods, including 3DGS [2],
GaussianShader [20], 3DGS-DR [21] and Ref-GS [22].

For quantitative comparison, we use the several estab-
lished metrics. We measure rendering quality using PSNR,
SSIM [25], andLPIPS [26].We assess geometric accuracy by

the Chamfer Distance, which directly evaluates the fidelity
of the reconstructed 3D surface. We gauge our method’s
speed by reporting average training time and rendering speed
in frames per second (FPS). Implementation Details: To
ensure stable convergence, we use a phased training proto-
col that progressively introduces geometric and reflectance
constraints. During the initial stage (typically around 3000
iterations, determined by the shape of point cloud expansion),
we use only the original 3DGS RGB loss (Eq. 15) to allow
stable point-cloud initialization. In the geometry-aware stage
(until iteration 7000), we introduce the single-view consis-
tency loss (Eq. 11) to regularize local surface structure, while
also activating the learnable environment map to begin mod-
eling specular reflections. Finally, in the refinement stage
(after 7000 iterations), we add the multi-view consistency
loss (Eq. 14) to enforce global shape coherence. In all scenes,
we set the resolution of the environmentmap to 6×128×128.
Additionally, to ease the early learning of the environment
map, we disable spherical harmonics (SH) by setting their
order to 0 for the first 10k iterations, after which we set this
to 3. All experiments are run on a single NVIDIA RTX 3090
GPU.

5.1 Comparison results

Geometric quality:Table 1 showsquantitative reconstruction
results on the Glossy Synthetic dataset, measured by Cham-
fer Distance. Our method achieves an average CD of 0.0085
across eight scenes, outperforming all listed 3DGS-based
counterparts (e.g., Ref-GS: CD = 0.0095). A noticeable
gap remains compared to the best implicit model, NeRO
(CD = 0.0050), which, however, requires over 12h of train-
ing, whereas our full pipeline completes in only 30min.
PGSR-DR thus occupies a favorable accuracy–efficiency
trade-off: it delivers markedly better geometry than prior
real-time approaches and trains orders of magnitude faster
than NeRO. Figure3 shows the reconstruction of reflec-
tive objects by our method vs mainstream reconstruction
approaches. Due to severe color variations on reflective sur-
faces, 2DGS, GOF, and PGSR struggle to make Gaussians
adhere to the object surface. Ref-GS, which does not cater for
multi-view consistency, creates non-smooth meshes. In con-
trast, our method produces globally consistent and smooth
meshes while preserving more details. Figure5 shows the
generalization ability of our method on real-world datasets,
wherewe compare predicted normalswith those fromPGSR,
3DGS-DR, and Ref-GS. Our method addresses the limita-
tions of PGSR in reconstructing reflective surfaces and the
issues of 3DGS-DR in handling real-world scenarios. Also,
our method shows superior reconstruction capability over
Ref-GS in certain scenes. For instance, in gardenspheres,
Ref-GS produces blended normals at the object centers; our
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Fig. 4 Qualitative comparisons on reflective scenes. Compared to 3DGS-DR methods, our approach yields more accurate surface geometry
predictions for reflective objects

method successfully distinguishes the normals of individual
objects.

Novel View Synthesis: We present novel view synthe-
sis results on the Glossy Synthetic, Shiny Blender, and
Shiny Real datasets, comparing against 3DGS-based meth-
ods. Table 2 reports the quantitative measurements.

Concerning rendering quality, the MLP-based implicit
representation of Ref-GS achieves the best PSNR, SSIM, and
LPIPS scores, confirming the advantage of implicit methods
in modeling high-frequency reflective details. Yet, Ref-GS
yields a low speed (FPS), failing real-time rendering require-
ments. In contrast, the explicit 3DGS-DR representation does
real-time rendering but its rendering quality is poor, espe-
cially in terms of normal estimation. Our method achieves
slightly higher average PSNR than 3DGS-DR across the

evaluated datasets, indicating improved reconstruction of
view-dependent specular details. This gain comes at the
cost of additional computational overhead from our depth-
normal consistency constraints and deferred rendering steps.
On the Shiny Real dataset, however, our method experiences
a notable drop in rendering speed (28.07 vs. 80.09 FPS for
3DGS-DR). This degradation stems from the computational
cost of the depth calculation in Eq. 8, which becomes sub-
stantial when the number of Gaussian primitives is large.

Figure 4 shows the normal estimation results obtained
during rendering, where normal directions are color-coded
for interpretability. During rendering, 3DGS-DR estimates
normals that exhibit discontinuities and artifacts as it pri-
oritizes image fitting. In contrast, our method consistently
reconstructs smooth and well-defined normal fields, yield-
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Fig. 5 Visual comparisons of reconstruction results on the Shiny Real dataset. Compared to 3DGS-DR and PGSR, our method successfully
reconstructs reflective surfaces, producing results nearly identical to those of Ref-GS

Fig. 6 Visualization of rendering components on a specular object

ing rendered outputs that more closely match the ground
truth on scenes such as Horse and tbell. However, this also
introduces a notable limitation: the depth-normal consistency
constraints can limit the expressiveness of the appearance
model in regions with complex occlusions. For instance,
in the Bell scene, the pull ring introduces heavy near-
field occlusions. To maintain depth-normal consistency, our
method sacrifices some flexibility in fitting the reflected
colors, whereas 3DGS-DR, with its less constrained nor-
mals, more easily overfits the photometric appearance and
thus produces visually sharper reflections in these areas.

A dynamic visualization is available in the supplementary
video. Figure6 visualizes the decomposition of rendering
components on specular objects. The explicit decomposition
demonstrates that our method successfully separates view-
dependent specular reflections from diffuse surfaces while
maintaining geometric accuracy through normal prediction.

5.2 Ablation studies

To analyze the contribution of our various loss terms in
Eq. 16, we next perform ablation studies on a scene (Bell)
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Fig. 7 Qualitative ablation, Bell scene. See also Table 3

Table 3 Quality metrics for the ablation study, Bell scene. Lower CD
values, and higher PSNR values, are better

Model settings CD ↓ PSNR ↑
w/o deferred shading 0.94 25.03

w/o depth compute 1.37 28.61

w/o Lsingle 0.96 29.01

w/o Lmulti 1.01 30.16

Full model 0.85 29.43

from the Glossy Synthetic dataset. Table 3 reports quantita-
tive results for removing deferred shading, single loss, and
multi loss respectively. Corresponding visual comparisons
are provided in Fig. 7.

DeferredShading:Removingdeferred shading and revert-
ing to spherical harmonics (SH) for rendering yields a
significant performance drop (see Fig. 7), where the recon-
structed mesh exhibits noticeable surface fragmentation and
reduced geometric coherence. The model without deferred
shading yields a PSNR of 25.03 and a CD of 0.94, substan-
tially worse than the full model (PSNR=29.43, CD=0.85).
This confirms that our deferred rendering mechanism is
crucial for accurately modeling the view-dependent colors
of reflective objects and for achieving coherent geometric
reconstruction.

Depth Compute: Removing our depth computation in
Eq. (8) and reverting to the conventional alpha-blended depth
in Eq. (5) causes the most severe geometric degradation
among all ablations, with CD increasing from 0.85 to 1.37
(see Table 3). This confirms that the conventional depth

estimator, which treats Gaussian centers as discrete point
samples, introduces substantial bias that misaligns primi-
tives from the true surface. The resulting geometric errors
propagate to appearance modeling, as reflected by the PSNR
drop from 29.43 to 28.61. We conclude that accurate depth
estimation serves as the foundation of our joint optimiza-
tion framework. Without it, the subsequent single-view and
multi-view regularizations lack a reliable geometric signal to
operate on.

Single-View Regularization: The single-view regular-
ization enforces depth–normal consistency under a local-
plane assumption, aligning rendered normals with geometry
derived from depth gradients. As Table 3 shows, removing
this constraint raises the CD from 0.85 to 0.96 while PSNR
remains almost unchanged, indicating that the Lsingle term
(Eq. 11) improves local surface accuracy without affecting
rendering fidelity. In Fig. 7, this geometric decline is evident
as surface perturbations appear at the handle-ring junction,
confirming that the single-view prior is necessary for recov-
ering locally consistent geometry.

Multi-View Regularization: Removing the multi-view
consistency loss Lmulti (Eq. 14) leads to a sharp CD increase
(0.85 to 1.01, seeTable 3), telling severe degradation in global
structural coherence. This is further visible in Fig. 7, where
the corresponding mesh exhibits visible surface concavity
and discontinuity, especially around joint regions such as the
handle-ring connection. These results confirm that our multi-
view prior is essential for maintaining consistent geometry
across viewpoints and for recovering globally smooth sur-
faces.
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6 Conclusion

In this paper, we presented PGSR-DR, a framework that
extends 3D Gaussian Splatting with planar-based geome-
try regularization and deferred rendering to tackle reflective
surface reconstruction. Our method builds on PGSR’s pla-
nar representation to improve depth estimation, enforces
joint depth-normal and multi-view consistency for geomet-
ric coherence, and incorporates a learnable environment map
to capture view-dependent specular effects. Experimental
results demonstrate that PGSR-DR successfully reconstructs
reflective objects, overcoming the failure of PGSR [4] on
specular surfaces. Compared to 3DGS-DR [21] and Ref-
GS [22], our method achieves a favorable balance between
rendering quality and speed, delivering real-time perfor-
mance with competitive visual fidelity.

Several limitations motivate future work. A primary lim-
itation lies in the material-lighting ambiguity, where our
framework captures complex reflections without explicitly
decomposing the spatially-varying BRDF parameters from
environmental illumination. Future work could incorpo-
rate more rigorous physically-based rendering models to
further decouple surface roughness and metallicity. Addi-
tionally, modeling indirect illumination and inter-reflections
between multiple metallic objects remains a non-trivial task
for Gaussian-based representations, potentially requiring the
integration of recursive sampling or irradiance fields. Finally,
as shown in Fig. 5, the reconstruction of transparent objects
also presents a significant challenge that remains difficult for
3DGS-based methods to address.

Appendix A Surface approximation via
planar Gaussians

To assess how the planarity assumption affects curved geom-
etry, we compare two variants of our method on a metallic
ball and a car scene from the GlossyBlender dataset: PGSR-

DR (normal), which retains the full 3D covariance without
flattening, and PGSR-DR (planar), which compresses the
smallest scaling axis toward zero. Unconstrained 3DGS
serves as a baseline. Table 4 reports the results.

On the Ball scene, the planar variant requires more prim-
itives than the normal variant (186K vs. 159K), as each
flattened Gaussian covers less angular extent on the spher-
ical surface. This yields a marginal PSNR gain (33.11 vs.
32.99). On the Car scene, which represents common objects
withmixed curvature, both variants use comparable primitive
counts (288K vs. 281K) and achieve nearly identical quality.
In both scenes, our variants substantially outperform 3DGS
in PSNR. We conclude that the planar assumption incurs a
controllable overhead only on surfaces with sustained high
curvature such as the ball. For typical objects like the car,
planarity introduces no meaningful primitive increase while
preserving improved rendering fidelity.

Appendix B Reconstruction quality:
comparison with NeRO

We conduct a direct visual comparison with NeRO [18],
the strongest offline baseline in Table 1. NeRO achieves a
Chamfer Distance of 0.0050 on the Glossy Synthetic dataset,
outperforming our method (CD 0.0085) and Ref-GS (CD
0.0095) by a clear margin. As shown in Fig. 8, NeRO recov-
ers finer surface details, particularly around concave regions
and sharp edges where our planar-based representation loses
some fidelity. Our method, while coarser than NeRO, pro-
duces results that are visibly smoother and more globally
coherent than those of Ref-GS, which exhibits surface noise
due to its lack of multi-view consistency constraints. This
comparison places PGSR-DR at an intermediate position:
it sacrifices some geometric precision relative to state-of-
the-art offline methods in exchange for substantially faster
training (30min vs. 12+ hours).

Table 4 Approximation
efficiency of planar Gaussians
on different surface types. The
planar variant requires more
primitives on the highly curved
ball but shows no notable
increase on the car

Scene Method #Gaussians PSNR SSIM FPS

Ball 3DGS 97K 27.76 0.936 197.71

PGSR-DR (normal) 159K 32.99 0.972 116.40

PGSR-DR (planar) 186K 33.11 0.972 114.61

Car 3DGS 292K 27.00 0.923 159.16

PGSR-DR (normal) 281K 30.21 0.961 89.09

PGSR-DR (planar) 288K 30.34 0.961 89.60
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Fig. 8 Visual comparison with NeRO on the Glossy Synthetic dataset. NeRO captures finer surface details but requires over 12h of training; our
method produces smoother surfaces than Ref-GS

Appendix C Failure cases

We presented two cases of reconstruction failure, illustrated
in Fig. 9. First, without explicit occlusion reasoning, Gaus-
sians near self-occluded concave boundariesmay converge to
incorrect positions that partially explain specular highlights,
distorting the geometry. As shown in Fig. 9a, near concave
boundaries of metallic objects, Gaussians may converge to
incorrect spatial positions that partially explain the observed
specular highlights without recovering the true occluding

surface. Second, the opacity assumption fails on transpar-
ent surfaces such as the toycar windshield. From different
viewpoints, the windshield alternately appears reflective
or transparent, causing the accumulated depth via alpha-
blending to vary inconsistently across views. Our depth
formulation, which assumes a single opaque surface along
each ray, cannot correctly represent this view-dependent
behavior, leading to erroneous depth estimates and, con-
sequently, poorly converged normals. Both failure modes
highlight the need for occlusion-aware and transparency-
capable Gaussian representations.
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Fig. 9 Representative failure
case. a Self-occlusions cause
Gaussians to converge to
incorrect positions, resulting in
distorted geometry. b
Transparent objects lead to
inaccurate depth estimation and
prevent normal convergence

Appendix D Multi-scene ablation study

To analyze the contribution of each component, we conduct
ablation studies on two additional scenes (Potion and Teapot)

from the Glossy Synthetic dataset. Figure 10 provides visual
comparisons. Removing depth computation (reverting to
conventional alpha-blended depth) leads to the most severe
geometric degradation across all scenes, confirming that

Fig. 10 Qualitative ablation on Potion and Teapot scenes
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accurate depth estimation is the foundation of our joint
optimization framework. Both single-view and multi-view
regularizations contribute to surface smoothness and global
coherence, with the multi-view term playing a particularly
important role in preventing surface concavity and disconti-
nuity. Deferred shading mainly affects rendering fidelity: its
removal consistently causes a sharp drop in image quality,
although the geometric impact varies by scene. Overall, the
relative contribution of each component remains consistent
across scenes, supporting the generality of our design.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s00371-026-04610-
y.
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