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1. Supplementary Material
To support the theoretical foundation of our proposed
method, we include the detailed derivation of the
polarization-based specular and diffuse reflection separa-
tion model in this section.

1.1. Polarization Model-Based Specular and Diffuse
Reflection Separation

According to [4], the polarization characteristics of re-
flected light are primarily determined by the surface mate-
rial’s polarized bidirectional reflectance distribution func-
tion (polarized BRDF) [1, 3]. For most surfaces, the re-
flected light can typically be decomposed into three com-
ponents: polarized specular reflection, polarized diffuse re-
flection, and unpolarized diffuse reflection.

We models the reflected light as two polarized compo-
nents: the specular reflection component Ssp and the dif-
fuse reflection component Sdp, corresponding to Fresnel re-
flection and subsurface scattering, respectively. Both com-
ponents can be observed using a linear polarizer placed in
front of the camera. The polarization camera to capture po-
larized images. It simultaneously captures images at four
different polarization angles: (0, π/4, π/2, 3π/4), denoted
as I0◦ , I45◦ , I90◦ , I135◦ , respectively. Let the Stokes
vector of the incident light be Sin = [S0, S1, S2] , where

S0 = 0.5 · (I0◦ + I45◦ + I90◦ + I135◦)

S1 = I0◦ − I90◦

S2 = I45◦ − I135◦ (1)

The Mueller matrix of a linear polarizer at angle θ is
denoted as Mpol(θ), while the Mueller matrices for Fres-
nel reflection and transmission are denoted as MR and MT ,
respectively. The two polarization components can then be
expressed as follows:

Ssp = Mpol(θ)MRSi

Sdp = Mpol(θ)MTSd (2)

Where Sd is the Stokes vector of the diffuse reflection. To
achieve efficient reflection separation for rendering guid-
ance, we assume Sd ≈ Si − Ssp. This assumption provides

an initial cue for reflection separation, and the approxima-
tion error will be compensated during the subsequent inten-
sity map fusion stage.

By inverting the DoLP formula for polarized diffuse re-
flection in the Nayar model [7], the zenith angle, which is
the light incidence angle i on the object surface, can be com-
puted. Combined with the surface refractive index refid,
the refraction angle r is then obtained via Snell’s law. The
DoLP is calculated as follows:

DoLP =

√
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(3)

Let d = DoLP, k = ref id, and A = 2(1 − d) − (1 +
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Subsequently, based on Snell’s law, the refraction angle
r is computed using the refractive index and the incident
angle i derived in Eq. (4):

Specular reflection image is Isp:

Isp (ϕpol) =
Ispmax + Ispmin

2
+

Ispmax − Ispmin

2
cos(2θ) (5)

where

Ispmax =
S0

2

(
tanα−

sinα+

)2

cos2 α−

Ispmin =
S0

2

(
tanα−

sinα+

)2

cos2 α+

α± = i± r (6)

θ denotes the angle between the polarization direction and
the x-axis and ϕpol denotes the channel angle of the polar-
izer.

Diffuse reflection image is Idp:

Idp (ϕpol) =
Idpmax + Idpmin
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A more detailed derivation process can be found in [5].

Innovation in Polarization Normal Disambiguation:
The work by [4] The pioneering work by [4] proposed us-
ing sparse SfM/MVS point clouds as geometric priors to
resolve azimuth ambiguity in polarization-derived normals,
laying the foundation for polarization-based 3D reconstruc-
tion. Subsequent studies have also employed geometric pri-
ors or multi-view consistency to resolve such ambiguities.
However, these static geometric prior-based disambiguation
methods heavily rely on initialization accuracy: when the
initial geometry fails in highlights or motion-blurred re-
gions, errors propagate persistently and are difficult to cor-
rect.

The pioneering work by [4] proposed using sparse
SfM/MVS point clouds as geometric priors to resolve
azimuth ambiguity in polarization-derived normals, lay-
ing the foundation for polarization-based 3D reconstruc-
tion. Subsequent studies have also employed geometric pri-
ors or multi-view consistency to resolve such ambiguities.
However, these static geometric prior-based disambiguation
methods heavily rely on initialization accuracy: when the
initial geometry fails in highlights or motion-blurred re-
gions, errors propagate persistently and are difficult to cor-
rect.

Moreover, unlike ”polarization + NeRF” approaches
that focus on inverse rendering, this paper introduces a
physics-guided forward rendering pipeline, which directly
uses polarization information to supervise the reconstruc-
tion process of 3DGS, while smoothing prior-induced errors
through training strategies and reflection intensity maps.
This enhances the physical interpretability of the results
while preserving real-time rendering capability and recon-
struction accuracy.

Therefore, this work is not merely a technical combina-
tion, but rather a systematic attempt to introduce physical
priors into neural rendering, achieving a paradigm shift in
polarization normal disambiguation from ”static one-way
constraints” to ”dynamic two-way collaboration.” As shown
in Fig. 1, polarization normal disambiguation relying solely
on initial 3DGS geometry (at 3k iterations) still exhibits
clear geometric distortion in regions such as the windshield;
through iterative optimization with our method, these errors
are effectively eliminated, and the geometric structure is ac-
curately recovered.

1.2. Rendering Model
The rendering model of this paper is built upon 3DGS-
DR[10], and thus its core rendering pipeline follows the
same approach.Following the 3DGS-DR approach, the de-
ferred rendering model consists of two passes. The first
pass renders the scene based on the original 3DGS method,
which we will not elaborate on further here, and its formu-
lation is as follows:

C(v) =
∑
i

ci(v)G (Θi,v) (9)

where Θi denotes the Gaussian parameters, ci(v) represents
the per-Gaussian view-dependent spherical harmonics (SH)
color, i is the Gaussian index, and v indicates the view di-
rection.

Then, following the 3DGS-DR approach, we integrate
polarization information with the deferred reflection model
to yield the final pixel color C ′(v).

C ′(v) = 2
[(
1−R(v)

)
C(v)

+R(v)E
(2v ·N(v)N(v)

∥N(v)∥
− v

)]
, (10)

N(v) =
∑
i

niG (Θi, v) , (11)

R(v) =
∑
i

riG (Θi, v) , (12)

where R(v) represents the intensity map, and E refers to
the learned environment map queried in the reflection di-
rection using a bilinear filter. ni denotes the shortest axis
of each Gaussian ellipsoid, interpreted as its normal vector,
and ri represents a per-Gaussian scalar controlling its spec-
ular reflection strength.

Since our method leverages polarization priors to guide
the reconstruction of both diffuse and specular reflection
spaces, we scale the original 3DGS-DR rendering formu-
lation by a factor of 2. This encourages the model to learn
and separate the scene representation into these two distinct
spaces.

1.3. Implementation Details of PolarGuide-GSDR
Experimental Details. We use COLMAP [9] for Gaus-
sian initialization. All experiments in this study were con-
ducted on the AutoDL cloud computing platform. Except
for the GNeRP method, all other methods used a stan-
dard hardware configuration consisting of 30 GB of sys-
tem RAM, a 50 GB data disk, a single NVIDIA GeForce
RTX 4090 (24 GB) GPU, and a CPU—either an Intel Xeon
Platinum 8352V with 16 vCPUs or an Intel Xeon Platinum
8481C with 25 vCPUs. Minor variations in CPU models
across instances arose from parallel experiments on multi-
ple datasets; however, all experiments for a given dataset



Figure 1. Iterative Disambiguation between 3DGS-Polarization

were performed on the same instance to ensure consistency.
Due to its higher GPU memory requirements, the GNeRP
method was trained on two RTX 4090 (24 GB) GPUs, with
a similar CPU configuration. The Python environment for
all methods remained consistent with that used in the 3DGS
baseline.

COLMAP initialization based on RGB images may fail
in highly reflective scenes due to feature matching failures,
thereby affecting pose estimation. Since the current exper-
imental datasets do not contain extreme reflective regions,
this issue is not the main focus of our study. We attempted
to use the diffuse reflection images separated through po-
larization as input for COLMAP (taking the Automotive
and Glass datasets as examples). This approach improved
3DGS-DR by approximately 0.4 dB, while the enhance-
ment in our method was not significant. The analysis sug-
gests that, on the one hand, the datasets did not exces-
sively include highly reflective scenes; on the other hand,
the multi-source constraints such as polarization-derived
surface normals introduced in our method already played a
similar role in suppressing errors in reflective regions during
training. We will further explore the robustness of SLAM in
highly reflective areas in future work.

Training Process As described in the methodology sec-
tion of the main text, surface normals estimated from po-
larization cues exhibit ambiguity. To mitigate this uncer-
tainty, we first perform initial training of the 3DGS and
deferred reflectance model for approximately 10,000 itera-
tions. Based on this initialization, the polarized surface nor-
mals are disambiguated. Subsequently, the corrected polar-
ized surface normals, specular reflection images, and dif-
fuse reflection images are used to guide and supervise the
model training. Specifically, the diffuse reflection images
supervise the diffuse component in both 3DGS and the de-
ferred shading model, while the specular reflection images
and surface normals primarily supervise the reconstruction
of the specular reflection space in the deferred shading
model. Constrained by the inherent difficulty in fully elim-
inating polarization ambiguity and separation inaccuracies
near vertical reflection angles, we adopt a phased training
strategy to guide the model toward gradual convergence.

The detailed procedure is as follows:
• Initial reconstruction using 3DGS for approximately

10,000 iterations.
• Introduction of corrected polarization priors to jointly

supervise 3DGS and the deferred reflectance model for
about 30,000–80,000 iterations.

• Final optimization using RGB images and Polarization
normal for end-to-end refinement of the rendered output,
lasting roughly 10,000 iterations.
The total number of training iterations is set with ref-

erence to the 97,000 iterations used by 3DGS-DR in real-
world scenes. For datasets with sparse viewpoints, we mod-
erately reduce the total iteration count to prevent overfitting,
while maintaining consistency with the iteration settings of
3DGS-DR. The hyperparameters λ and η mentioned in the
main text are adjusted slightly across datasets; their specific
values are provided in the configuration files included in the
supplementary material. Leveraging the intensity image and
adopting a training strategy that ultimately relies solely on
single RGB images and polarization normals for optimiza-
tion effectively minimizes errors introduced by eliminating
the unpolarized diffuse component.

Parameters reflect each component’s physical role and
optimization goal. λrefl and λbase are raised above the
3DGS default (λ = 0.2) to enhance texture in reflec-
tive regions. For rendering loss, ηrgb = 1 ensures RGB
priority; due to the inherent error in reflection separation,
ηrefl = ηbase ∈ [0.1, 0.2]; due to the inherent ambiguity in po-
larized normal, ηnormal ∈ [0.1, 0.2]. Parameters are easily de-
termined via grid search (step size: 0.05). The refractive in-
dex is fixed at 1.5 (approximating common non-conductive
materials) following NeISF; Since the separation prior is
only guidance, the model is insensitive to this value. A final
pure-RGB phase corrects accumulated prior errors, reduc-
ing parameter sensitivity and boosting robustness.

Thus our method demonstrates significant advantages
over prior works, such as NeISF++ [8], particularly in its
handling of material properties and its applicability to com-
plex, real-world scenes.

The key distinction lies in our treatment of the refrac-
tive index. While methods like NeISF++ require the precise



Figure 2. Comparison Test Views of Reconstruction Results and Reflection Separation on the Gnome [6] and Gundam [2] Datasets)

estimation of spatially-varying refractive indices, often in-
volving additional neural fields like SDFs and typically lim-
iting application to single-object, uniform-material scenes,
we employ a fixed refractive index (e.g., 1.5) as part of a
robust, phased training strategy.

This strategy renders our method largely agnostic to the

specific value of the refractive index. The fixed refractive
index is used only for an initial, coarse separation of spec-
ular and diffuse reflections. These coarsely separated com-
ponents then serve as stable guidance to bootstrap the 3D
reconstruction process in the early stages. Crucially, the fi-
nal reconstruction quality is refined through end-to-end op-



Figure 3. Surface Normals Comparison Chart of the Test Set in the Self-Collected Dataset

timization supervised primarily by RGB images and polar-
ization normals. This phased approach effectively decou-
ples the final output from the inaccuracies of the initial
coarse separation.

Consequently, our framework bypasses the challenging
and often ill-posed problem of per-pixel refractive index es-
timation. This not only simplifies the system architecture
by eliminating the need for complex networks to represent
refractive indices but also enables the successful reconstruc-
tion of full, complex scenes containing objects with diverse
materials—a scenario where methods requiring precise re-
fractive index estimation typically fail.

Self-Collected Dataset Construction For the self-
collected dataset used in this study, image acquisition was
performed with a Sony color polarization camera. In the
absence of such specialized equipment, researchers can al-
ternatively capture data by attaching a polarizing filter to a
standard color RGB camera. Raw data for polarization in-
formation calculation can be obtained by rotating the filter
and capturing images at four specific angles: 0°, 45°, 90°,
and 135°.

Training Time Cost Among all compared algorithms,
3DGS requires the shortest training time, completing in un-
der 30 minutes on most datasets. Due to an increased num-
ber of training iterations, 3DGS-DR takes approximately
twice as long as 3DGS, typically around one hour. Al-
though Ref-GS is set to 30,000 iterations, its training time
is slightly longer than that of 3DGS-DR. Our proposed
PolarGuide-GSDR method employs polarization cues to
jointly guide and supervise the 3DGS and deferred reflec-
tion models. The incorporation of additional polarization-
based supervision introduces computational overhead, lead-
ing to a training time approximately 30% longer than that of
3DGS-DR, yet it remains comparable to the time required
by Ref-GS. Given that GNeRP demands significantly longer
training—approximately 10 times that of 3DGS—it is ex-
cluded from detailed comparison here.

1.4. Supplementary Comparison of Results on Pub-
lic Datasets

As shown in Figure 2, our method achieves a signifi-
cant improvement in reconstruction quality on the Gun-



dam dataset, particularly in restoring complex lighting and
material reflections. This improvement is largely attributed
to the effective separation of specular and diffuse reflec-
tions achieved through polarization imaging. This prior
guides the model to separately reconstruct and fuse the
two reflection components, leading to the synthesis of more
photorealistic novel views. (Note: Since GNeRP produces
severely blurred results when input masks are unavailable,
we have excluded its corresponding quantitative compar-
isons to maintain valid analysis.)

However, the sparse nature of both datasets inevitably in-
troduces some artifacts in the reconstructions. For instance,
the Gnome dataset contains only 35 images in total (with
5 reserved for testing). To mitigate these artifacts, we sepa-
rately reconstruct the diffuse and specular reflection spaces
using polarization priors and introduce polarization-derived
surface normal constraints. This approach significantly re-
duces artifacts and enhances the robustness of the recon-
struction.

Due to space limitations in the main text and to fa-
cilitate intuitive correlation between the reconstructed sur-
face normals and the original images, we have integrated
them into the same figure. To more clearly demonstrate
the comparative effectiveness of the normal reconstruc-
tion, Figure 3 provides supplementary multi-view detailed
illustrations. As shown, our proposed PolarGuide-GSDR
method effectively suppresses noise in surface normal re-
construction while maintaining excellent detail characteris-
tics: in complex curved areas, it avoids over-smoothing or
over-sharpening of normals, restoring authentic geometric
continuity; in weak-texture regions (such as stagnant wa-
ter surfaces), it still reconstructs reasonable normal vari-
ations. PolarGuide-GSDR demonstrates significant perfor-
mance improvements in both visual quality and geometric
accuracy, fully validating the effectiveness of the polariza-
tion normal prior information.

1.5. about code
Please follow our platform:
https://github.com/junxiaofanchen/PolarGuide-GSDR
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