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Abstract

Reflection removal is challenging due to complex light
interactions, where reflections obscure important details
and hinder scene understanding. Polarization naturally
provides a powerful cue to distinguish between reflected
and transmitted light, enabling more accurate reflection re-
moval. However, existing methods often rely on small-scale
or synthetic datasets, which fail to capture the diversity
and complexity of real-world scenarios. To this end, we
construct a large-scale dataset, PolaRGB, for Polarization-
based reflection removal of RGB images, which enables us
to train models that generalize effectively across a wide
range of real-world scenarios. The PolaRGB dataset con-
tains 6,500 well-aligned mixed-transmission image pairs,
8x larger than existing polarization datasets, and is the
first to include both RGB and polarization images captured
across diverse indoor and outdoor environments with vary-
ing lighting conditions. Besides, to fully exploit the poten-
tial of polarization cues for reflection removal, we intro-
duce PolarFree, which leverages diffusion process to gener-
ate reflection-free cues for accurate reflection removal. Ex-
tensive experiments show that PolarFree significantly en-
hances image clarity in challenging reflective scenarios,
setting a new benchmark for polarized imaging and reflec-
tion removal. Code and dataset are available at ht tps :
//github.com/mdyao/PolarFree.

1. Introduction

Reflection removal algorithms [1, 19, 30, 34, 38, 41] re-
move unwanted reflections in captured images, playing a
critical role in applications such as autonomous driving [12]
and photography [11,43]. This problem commonly arises
when imaging through semi-reflectors, like windows or
glass, and overlapping reflections may obscure important
details of scenes we want to capture. This problem is often
formulated [10, 11] as a linear combination of the transmis-
sion layer T" and the reflection layer R:

M = oT + a,-R, (D
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Ground truth
Figure 1. Our PolarFree effectively leverages polarization in-
formation to remove reflections, achieving superior performance
in challenging scenes with complex backgrounds and highlights
where previous methods [11, 15,46] often fail.

RDRNet [46]

where M is the mixed captured image, and o, o, are blend-
ing coefficients resulting from light attenuation.

Polarization image sensors are becoming mainstream,
allowing users to easily capture polarization images from
a single shot in real-time [32]. However, existing meth-
ods [10, 11, 24, 46] typically rely on intensity-based cues,
such as pixel brightness and color gradients, to distinguish
transmitted and reflected layers. These methods face chal-
lenges because reflection removal is a highly ill-posed in-
verse problem [21] that recovers two unknown layers (re-
flection and transmission) from a single observation. Po-
larization provides valuable physics-based cues [27,29] to
alleviate ill-posed issues (Fig. 1), whereas transmitted light
retains a distinct degree of polarization(Fig. 2b). This dif-
ference provides crucial signals for separating the two lay-
ers. Notably, at the Brewster angle (Fig.2c), reflected light
is fully polarized, enabling effective reflection removal [2].

Despite significant advances of polarization images, a
key challenge in polarization-based reflection removal is the
lack of large-scale, high-quality datasets. Existing polar-
ized reflection removal datasets [18, 39] are limited in size
and diversity, relying on small (<1000) or synthetic sam-
ples that fail to capture the complexity of real-world light-
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Figure 2. (a) & (b) A semi-reflector transforms unpolarized light
into polarized light upon reflection and refraction, which is unde-
tectable by standard RGB cameras but can be leveraged by polar-
ization cameras for reflection-suppression tasks. (c) At the Brew-
ster angle [2], a polarizer minimizes reflections.

ing conditions, materials, and scenes. Moreover, they typ-
ically exclude color information, reducing their applicabil-
ity in real-world reflection removal tasks. Thus, there is a
pressing need for a large-scale, comprehensive dataset that
includes both RGB and polarization images, captured in
diverse real-world environments, to advance polarization-
based reflection removal.

To bridge this gap, we introduce PolaRGB, a novel
dataset specifically collected for polarization-based reflec-
tion removal. As shown in Table 1, PolaRGB contains 6,500
high-quality, well-aligned RGB-polarization image pairs,
8% larger than previous dataset [18]. Our dataset covers
a diverse range of scenes, lighting conditions, and expo-
sure settings, and is captured using off-the-shelf commer-
cial cameras with polarized color patterns to ensure real-
world applicability. PolaRGB provides both mixed images
and ground-truth transmission layers, enabling accurate re-
flection separation and significantly enhancing the effec-
tiveness of reflection removal across real-world scenarios.

Moreover, extracting reflection-free information from
polarization data is challenging [18,25,39] due to the ran-
domness of shooting angles, scene variations, and chang-
ing lighting conditions. To address this issue, we lever-
age the powerful generative capabilities of the diffusion
model [3,6,8] to generate reflection-free cues. The diffusion
model extracts and refines reflection-free priors from polar-
ization images, effectively guiding the reflection removal
and yielding precise and robust reflection-free results.

Specifically, PolarFree consists of two steps: a prior-
generation step and a reflection removal step. First, in the
prior-generation step, we use a diffusion model to genarate
reflection-free prior based on the polarization and RGB in-
puts. This strategy not only guides accurate reflection iso-
lation in RGB images but also recovers background details,
which previous methods [11, 15,46] may miss. Next, the
reflection removal step leverages the prior to effectively re-
move reflections, ensuring accurate transmission restora-
tion. Additionally, we introduce a phase-based loss func-
tion in the frequency domain to mitigate color discrepancies
caused by semi-reflections, guiding the network to focus

Table 1. Comparisons between PolaRGB and existing reflection
removal datasets.

Dataset Polarization RGB RAW  Data size Resolution
SIR? [36] No Yes No 500 540 x 400
RRW [46] No Yes No 14,952 2580 x 1460

ReflectNet [39] Yes (Syn.) Yes No - 1500 x 1000
Leieral. [18] Yes (Real) No Yes 807 1224 x 1024
PolaRGB (Ours) Yes (Real) Yes Yes 6,500 1224 x 1024

on reflection removal rather than color adjustment. These
components enable PolarFree to achieve robust reflection
suppression while preserving the clarity and integrity of the
transmission across diverse real-world scenes.

Extensive experiments on the PolaRGB dataset demon-
strate the effectiveness of PolarFree, which outperforms ex-
isting methods [11, 15,46] ~ 2dB in terms of PSNR. Addi-
tionally, we performed real-world testing in environments
commonly affected by reflections such as museums and
galleries, demonstrating the method’s effectiveness in real-
world scenarios. Our approach improves image clarity and
preserves details better than previous methods, paving the
way for more practical, reflection-robust applications.

2. Related Work
2.1. Reflection Removal

Reflection removal [1, 30, 34] has a longstanding his-
tory in computer vision, aiming to enhance the occluded
objects caused by semi-reflectors like glass and windows.
Early approaches [20, 24] typically relied on handcrafted
priors, such as smoothness assumptions and gradient spar-
sity, to differentiate the reflection layer from the underly-
ing scene. Some methods incorporated ghosting [31], flash
cues [17, 19] and edge consistency [7], while others im-
proved accuracy by leveraging multi-image setups [22, 28],
utilizing temporal variation [26] and parallax [28] to sep-
arate reflections from background layers. However, these
methods often require strict assumptions and fail in real-
world scenes with complex textures or lighting [19,38].

With the rise of deep learning [5, 35, 42, 44, 46], reflec-
tion removal methods advanced considerably. Techniques
based on neural networks have shown promise by learning
to separate reflection and transmission layers directly from
data[10,15,35-37,44]. However, without essential physical
insights, these methods act as Bayesian regressions toward
a learned average, often lead to suboptimal separation in
complex environments with varying lighting, textures, and
reflection intensities [35, 44]. Recent methods [9, 45] uti-
lize language to interactively remove the reflection, which
require additional efforts, limiting their practicality.

2.2. Polarization Reflection Removal

Polarization is an effective way to remove reflections
due to the physics principle: the polarization of light be-
haves differently in the reflection and transmission lay-
ers [4, 13,23,27,30], allowing separation, espicially at the
Brewster angle [4,27]. However, capturing images exactly
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Figure 3. Overview of the PolaRGB dataset. (a) Hierarchical structure of scenes is shown in the ring, with legends indicating sample
counts and subset types. (b) Typical scenes illustrating varied reflection conditions: I. smooth blending of reflection and refraction, II.
abrupt reflection with mixed components, III. reflection dominant over transmission, and IV. minimal or no reflection. (c) Video-based
capture method (details in Sec. 3). (d) We provide polarized images at angles ¢ = 0°, 45°, 90°, and 135°, along with derived AoLP, DoLP,
and a well-aligned unpolarized image. The dataset also includes ground truth transmission and estimated reflections, all available in both

raw and RGB formats.

at the Brewster angle, as shown in Fig. 2c, is challenging.
Therefore, in practice, methods typically rely on images
taken at multiple polarization angles (e.g., 0°, 45°, 90°, and
135°) to capture polarization information [4,27,30].

Early polarized reflection removal methods [4, 27, 30]
employ mathematical techniques like Pricinple Component
Analysis (PCA) to separate reflection layers, which are ef-
fective when the transmission and reflection layers have sig-
nificant content differences. Subsequently, Kong et al. [16]
propose a multiscale scheme that automatically identifies
the optimal separation of the reflection and background
layers. Another advancements [39] introduce a neural
network-based approach for polarization-guided reflection
removal with synthetic dataset. Lyu er al. [25] utilize a pair
of unpolarized and polarized images but lack of realistic po-
larization patterns. Lei et al. [18] further contribute by col-
lecting a dataset of polarized images for reflection removal.
However, this dataset only includes limited scene variations
from pure polarization scenes, which limits its application
scenario. In contrast, we present the first large-scale dataset
captured for polarization-based RGB reflection removal,
consisting of 6,500 well-aligned transmission-reflection
pairs. We also propose a polarization-based reflection re-
moval network based on diffusion models.

3. PolaRGB Dataset
3.1. Analysis

Although a few polarization-based reflection removal
datasets exist [18,39], they face major limitations: (1) they

are often synthetically generated [25, 39], which may not
generalize well to real polarization, as perfectly simulat-
ing polarization phenomena is very hard; (2) they are typi-
cally limited in size and diversity (<1,000 samples), with
limited scene variations, which constrains model robust-
ness and generalizability [18, 39]; and (3) they lack RGB
data [18,39], reducing the practical value of these datasets.

Our polarized-based reflection removal dataset, Po-
1aRGB, addresses all these limitations with the following
key features, as shown in Fig. 3. It has following advan-
tages: (1) It contains real-captured images with perfect spa-
tial alignment. We achieve pixel-level alignment through
a three-step process: careful capture setup, manual filter-
ing, and homography transformations, all in raw space to
avoid demosaicing artifacts (see Fig. 4b and more details in
supplementary). (2) It contains large-scale diverse scenes.
The collected dataset covers a wide range of indoor and out-
door settings with four distinct reflection types, including
smooth, sharp, high-brightness, and subtle reflections (see
Fig. 3b). (3) It has extensive data modalities. Our dataset
offers paired mixed and transmission images with both po-
larization and RGB captures, precisely aligned and avail-
able in both raw and RGB formats (see Fig. 3d).

3.2. Processing Pipeline

We leverage an efficient video-based capture flow for
dataset collection, as shown in Fig. 3c. First, we cap-
ture a transmission-only image 7., as the ground truth.
Then, we place a semi-reflective glass plate in front of the
scene and rotate it continuously to capture mixed images
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Figure 4. Data processing pipeline for obtaining aligned mixed
and transmission images, and polarized images.

M.qv- A division-of-focal-plane polarization camera with
color Bayer pattern is used to simultaneously capture both
polarized and RGB information, as shown in Fig. 4.

After obtaining the raw mixed image M, and the
transmission image 7.4, W€ process the images sequen-
tially in the raw and RGB domains as shown in Fig. 4a.
In the raw domain, we first align M,.,,, and T}, to cor-
rect spatial misalignment caused by light refraction. This is
done by separating the images into different polarization an-
gles and color channels, then applying affine transformation
matrices to each of the channels to avoid aliasing from di-
rect alignment, as shown in Fig. 4b. Next, we perform polar-
ization separation on the aligned images to obtain four po-
larization images (0°, 45°, 90°, and 135°), and use Malus’s
law [27,29] to sum them, producing the unpolarized image
of the scene. Finally, we estimate the reflection image by
searching for the optimal blending coefficient o, and o in
edge space, as illustrated in Eq. 1. For detailed steps and
proof, please refer to the supplementary material.

Next, we apply demosaicking to the processed raw im-
ages to obtain the mixed, transmission, and reflection im-
ages, each consisting of four polarization images and the
unpolarized RGB image. Additionally, we compute the

Stokes parameters (see Sec. 4.1) to estimate the Angle of
Linear Polarization (AOLP) and Degree of Linear Polariza-
tion (DOLP), which are then used in reflection removal.

4. Method
4.1. Problem Formulation

Object. Given an RGB image and its corresponding po-
larization images, we aim to recover the transmission layer
of the RGB image by utilizing the distinct polarization char-
acteristics. Our measurement consists of spatially-aligned
RGB and polarization images, where the polarization im-
ages captured at four distinct angles (0°, 45°, 90°, and
135°). These four angles provide a comprehensive polar-
ization measurement [30], which allows us to compute po-
larization features crucial for separating layers.

Polarization Prelimiary. For semi-reflective surfaces
that produce mixed images, the observed intensity I}T},(m)
can be decomposed into reflected intensity J ﬁ(w) and trans-
mitted intensity I(x) as

I3(2) = aplp(z) + arlp(z). )
If a linear polarizer is placed in front of the camera at an
angle ¢, the captured intensity I?(z) can be represented as

I9(x) = a0 ¢3¢ L) (@) + (1— a(0; 63 6))) I3 (), (3)

where o(0; ¢;¢1) and (1 — a(0; ¢; ¢ )) are polarization-
dependent mixing coefficients based on the angle of inci-
dence 0, ¢ and gZ)H are the canonical polarization directions
for the reflection and transmission, respectively. Directly
solving for these parameters is challenging because «(-),
Iﬁ(m), and I%(z) are all unknown [27,39]. Additionally,
relationship between the observed intensity and the under-
lying reflected and transmitted components is highly non-
linear and influenced by various factors [39]. To address
this, we utilize Stokes parameters [18] that provide a effi-
cient way to represent and analyze polarized light, enabling
more robust separation of reflection and transmission.

Stokes Parameters. To capture the polarization effects in
the scene, we use Stokes parameters [Sp, S1, .S2], which can
be derived from intensity measurements at specific polariza-
tion angles (0°, 45°, 90°, and 135°):

So = (loe + Luse + Iooe + I1350)/2,

S1 = loo — Igoe, S2 = Iyse — I1350.
Here, Sy represents the total intensity of light, and S; and
S provide information about the linear polarization state of
the light based on intensity differences at these key angles.

Using the Stokes parameters, we compute the Degree of

Linear Polarization (DOLP) and Angle of Linear Polariza-
tion (AOLP) as follows [2]

DOLP(z) =+/S1(x)? + S2(x)%/So(z),

AOLP(x) :%atanZ (S2(z)/S1(x)) .

“)

®)
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Figure 5. Pipeline of PolarFree. (a) During inference, PolarFree leverages polarized and RGB images as inputs, which are feeds into a
conditional diffusion model to generate the prior Zo. The generated prior, along with the inputs, is then passed to the reflection removal
backbone Fremove to remove reflections. (b) PolarFree is trained in two stages. (1) A prior encoder extracts a reflection-free prior zo from
clean transmission images and polarization cues, which serves as the supervision for the conditional diffusion model in stage two. (2)
The conditional diffusion model is trained to progressively denoise noisy images, supervised by the prior from stage one, ensuring robust

reflection separation.

In this formulation, DOLP describes the proportion of po-
larized light relative to total intensity, which helps indicate
the degree of reflection in the scene. AOLP, on the other
hand, reveals the orientation of the polarized light, allowing
us to distinguish between reflection and transmission com-
ponents more effectively, as shown in Fig. 3d. By leverag-
ing intensity measurements at 0°, 45°, 90°, and 135°, these
parameters provide valuable cues for separating mixed re-
flection and transmission layers in semi-reflective scenes.
4.2. PolarFree Network

To achieve high-quality reflection removal with effective
utilization of polarization information, we introduce Polar-
Free, a dedicately designed two-step network, where each
step addresses a distinct aspect of the reflection removal
challenge. Inspired by [3], we leverage difusion model
to generate the prior for reflection removal. As shown in
Fig. 5, during inference, the first step utilizes a conditional
diffusion model to extract reflection-free priors, effectively
isolating essential details from polarization data. The sec-
ond step integrates these priors with RGB inputs, guiding
the network to accurately separate reflections and enhance
clarity, even in complex, real-world environments.

Prior Generation. As shown in Fig. 5a, in the first step,
we start with a randomly initialized noise n, which is grad-
ually denoised through a conditional diffusion model Fys¢

20 = Faite(n| Meond), (6)

where 2, is the generated prior, Mcong =
{Mpotar, Maoips Maoip; Mg} represents the mixed im-

ages, and n is the initial noise. Through an iterative
denoising process, the diffusion model progressively
refines a noise image, conditioned on the polarization and
RGB data, to generate a reflection prior.

The denoising process follows the denoising diffusion
probabilistic model (DDPM) framework [8] and employs
a U-Net architecture to predict noise. At each timestep t,
the U-Net receives a noisy intermediate z; and outputs a
noise estimate €y (z¢,t), predicting the noise added at that
timestep. This process can be formulated as

¢107t (zt - ﬂﬂ_ti%ee(zt,Mmd,w) toz, (7)
where «; and [(3; control the noise schedule across the
timesteps, o, is the standard deviation, and z is noise sam-
pled from a standard Gaussian distribution. & is the cumu-
lative product of o, indicating noise level to timestep ¢.

Zt—1 =

In this way, the U-Net gradually removes the noise in
each step, conditioning on the polarization-based measure-
ment input M_onq. This process continues until noise is fully
removed, yielding a sample 2y that represents the reflection-
free prior distribution extracted from the conditioned inputs.

Reflection Removal. As shown in Fig. 5a, once the prior
Zo has been obtained, the second step of PolarFree is seper-
ating the transmission and reflection layers. By leveraging
the polarization cues provided by Mpolar, Maolp, and Molp,
the model Fiemove Separates the transmission features from
the reflection ones, which can be represented as

Trgb = ]:remove(ém Mcond)a (8)
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where Fremove 18 a reflection removal neural network. This
step ensures that the final output contains distinct trans-
mission and reflection components, facilitating high-quality
image reconstruction under challenging reflective scenarios.

4.3. Training

To train our PolarFree, particularly to address the chal-
lenge of the diffusion model lacking a suitable ground truth,
we adopt a two-stage training strategy, as illustrated in
Fig. 5b. This strategy consists of two sequential objectives:
learning to extract a reflection-free prior and learning to
generate a reflection-free prior.

First Stage. In the first stage, we train an encoder to ex-
tract a prior zg for reflection-free information, which will
serve as the supervision signal for the diffusion model in
the second stage. Specifically, we feed the ground truth
transmission images Teond = {Zpolars Tholp> Tdolps Trgb } into
the encoder &, obtaining z = &£(Mcond, Tren). This z con-
tains reflection-free information enriched with polarization-
related cues. Subsequently, 2z, conditions the reflection re-
moval lgackbone Fremove to predict the clean transmission
image Trgb = }—remove(za Mcond)-

Second Stage. In the second stage, we train the diffusion
model Fys to generate a reflection-free prior 2o from noisy
input images, and finetune the reflection removal backbone
Flemove- The key challenge here is that the diffusion model
lacks of direct supervision. Therefore, we leverage the prior
zp extracted in the first stage as the supervision signal to
guide the model.

We start with the extracted reflection-free prior zy and
add noise over multiple timesteps. This process transforms
the “ground-truth” prior z( into noisy versions z; at each
timestep ¢, which can be expressed as

q(zt]20) = N (215 v/ 1 = Bizo, Bi1), ©)

where A\ represents a Gaussian distribution, j3; is the noise

schedule controlling the noise level added at each timestep,
I represents the identity matrix.

In the reverse diffusion process, the model is trained to

progressively remove the noise step by step to recover the

clean prior 2y, which can be repersented as

Po(zi-1lz) = N (215 10 (21, £, Meona), 07 1)), (10)
where (2, t, Meona) is the mean function of the current
state z;, timestep ¢, and a conditional input M qpqg.

Throughout the reverse process, the model conditions
on the polarization measurements Mq,4, Which provide es-
sential information about the scene’s physical properties.
These measurements help the model accurately generate
reflection-free components during the denoising process.

After the reverse process completes, the model outputs a
final reflection-free prior 2y, which contains clean transmis-
sion information. This prior is used as the guidance signal
for the reflection removal backbone Fiemove. The backbone
takes this reflection-free prior and the polarization data to
predict the clean transmission image Trgb.

4.4. Losses

Basic Loss. To optimize PolarFree, we follow [46] to
utilzie three basic losses: L1 loss, VGG perceptual
loss [14], and total variation (TV) loss [33]. The L1 loss
minimizes the pixel-wise difference between the predicted
transmission image Trgb and the ground truth transmission
image Tigp as £ = Hﬁgb — Tigb||1. The VGG perceptual
losscompares feature activations from a pre-trained VGG
network [14] , weighted by A\;: Lvge = ), )\l||¢l(Trgb) —
&1(Trgv) |1, where ¢; denotes the activations of the I-th VGG
layer. We also use TV loss to constrain consistency via the
gradient operator Lty = ||VTrgb — VTigpl|1-

Phase loss. While basic losses help the network match
color and intensity values to the ground truth, they strug-
gle with color discrepancies caused by semi-reflective sur-
faces during dataset collection. These variations, due to re-
flection and transmission properties of materials, affect the
color and intensity, leading to mismatches between the pre-
dicted and target images and hindering the model’s ability
to learn the correct transmission map.

To address this issue, we introduce a phase loss to focus
on the structural information of the transmission, which is
less sensitive to color variations. As shown in Fig. 6, phase
information primarily captures the geometry and texture of
the image, independent of color changes. The phase loss is
formulated as

Lonase = |Z(FFT(T)) — Z(FFT(Trg))lh, (1)
where FFT is the Fourier transform, and Z(-) represents
the phase angle of the Fourier coefficients.

Diffusion Loss. The diffusion loss follows the standard
DDPM formulation [8], where the model predicts the noise
at each step t and minimizes the difference between the pre-
dicted noise and the true noise as

Laiff =Eyialzn ) [lea(zet) — ere(ze)l3] - (12)
Here, €;¢(2¢) is the added noise obtained by Eq. 9, and
€g(zt, t) is the predicted noise, conditioned on the polariza-
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Figure 7. Qualitative comparisons on the PolaRGB dataset.

tion measurements and RGB input M gnq.

Total Loss. The above losses are weighted summed to
serve as the supervision for the first stage as

‘cstagel = 71£1 + 72£VGG + 73£TV + 74£phase- (13)
In the second stage, we use a combined loss function con-
sisting of the diffusion loss and the reconstruction loss as

EstageZ = '75£diff + 76£recon~ (14)
where Liecon has the same format as Lge1, and 7.y are the
coefficients. This combined loss helps refine the reflection-
free image while ensuring it aligns with the ground truth.

5. Experiments
5.1. Implementation Details

We train and evaluate PolarFree on the PolaRGB dataset.
The whole dataset consists of 67 scenes, with a total of
6,500 paired images. For each scene, we keep the back-
ground (transmission) and camera fixed, and varying the
glass position to capture images with reflections. The 67
scenes are then randomly split into 56 training scenes and
11 testing scenes, containing 6,312 and 188 paired images,
respectively. This division ensures no data leakage between
the training and testing sets, with each set containing only a
subset of all categories.

We also test PolarFree in real-world scenes like muse-
ums and galleries, where ground truth is unavailable. We
implement PolarFree using PyTorch on a single NVIDIA
RTX 4090 GPU. Training is conducted with a batch size of

2 and an AdamW optimizer with a learning rate of 2 x 10™4,
30k iterations on the PolaRGB dataset for both stages.

We compare our method with recent advanced reflection
removal methods, including Lei et al. [18], IBCLN [21],
DSRNet [11], YTMT [10], and RDRNet [46]. For a
fair comparison, we modify the input settings to align
with ours and use only the transmission layer for supervi-
sion. We have re-trained baseline methods on the PolaRGB
dataset. The evaluation is conducted using both objective
metrics (PSNR, SSIM), a perceptual metric (LPIPS), and a
language-based non-reference metric (Q-Align [40]).

5.2. Results

Results on PolaRGB. We present the quantitative results
in Tab. 2. It can be seen that, our method outperforms other
methods across multiple metrics, demonstrating the effec-
tiveness of PolarFree for high-quality reflection removal.
Notably, for fairness, we modified the input layer of all
baselines to accept polarization information. Visual results
in Fig. 7 show that PolarFree provides cleaner reflection
removal with sharper edges and better color preservation.
In contrast, previous methods often suffer from color dis-
tortions or imperfect reflection removal, especially in areas
with complex reflections. Our method maintains high fi-
delity to the ground truth, especially in challenging regions
with low light and subtle reflections.

Real-captured without Ground Truth. To demonstrate
the generalization ability to unseen and more complex re-
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Table 2. Quantitative comparison on the PolaRGB dataset, eval-
uated using objective metrics (PSNR, SSIM), perceptual met-
ric (LPIPS), and the Language-based non-reference metric (Q-
align [40]). Best results are in bold, second-best results are
underlined.

Method PSNRT SSIMT  LPIPS]  Q-align?
Lei et al. [18] 18.73 0.7962  0.3804 3.2109
Kim et al. [15] 20.67 0.8399  0.2714 3.7148

IBCLN [21] 19.73 0.8173 0.2488 3.0938
YTMT [10] 16.86 0.7544  0.4489 3.0938
DSRNet [11] 16.84 0.7913 0.2828 3.6992
RDRNet [46] 15.88 0.6964  0.5250 2.9531

Ours 22.44 0.8681 0.1325 3.8867

flection, We further evaluate our model on real-captured im-
ages at museum with complex reflections from glass enclo-
sures. Here, we only provide qualitative results to visually
assess the model’s capability. As shown in Fig. 8, our ap-
proach effectively reduces reflections while preserving fine
details, despite the complex lighting and material variations
often present in museum environments. This demonstrates
the practical robustness of our method and its potential for
real-world applications.

5.3. Ablation Study

We perform ablation studies to evaluate the effectiveness
of key components in our method. More experimental re-
sults and analyses can be found in the supplementary.
Polarization Information.  To assess the importance of
polarization cues, we conduct an experiment where the po-
larization information (AOLP, DOLP, and polarization im-
ages) is removed, and the model is trained solely using RGB
data. As shown in Table 3 and Fig. 9, the absence of polar-
ization significantly impairs the model’s ability to differen-
tiate between reflection and transmission layers, leading to
noticeably poorer reflection removal performance. These
results demonstrate the critical role of polarization in accu-
rate reflection removal.

Diffusion Prior. We also evaluate the effectiveness of dif-
fusion prior by removing the conditional diffusion model.
While without diffusion prior achieves reasonable results,
as indicated by the comparison metrics in Table 3, it lacks
fine-grained control and high-quality output offered by the

w/o diffusion

w/o polarization Ours Ground Truth

Figure 9. Highly challenging reflection removal scenes with com-
plex reflections and highlights. Top: Polarization images from
different angles provide complementary information for effective
reflection removal, note the third (90°) image. Bottom: The dif-
fusion module effectively handles highlights, while polarization
better restores the color and details in such challenging scenarios.

Table 3. Ablation study on PolarFree framework.

Method PSNRT  SSIMT LPIPS]  Q-alignt

w0 Lphase 2241 0.8622  0.1402 3.8524
w/o polarization 21.56 0.8620  0.1483 3.7949
w/o diffusion prior ~ 20.21 0.8627  0.1552 3.7949
Ours 22.44 0.8681  0.1325 3.8867

diffusion model, especially in complex scenes (Fig. 9). The
conditional diffusion process significantly improves separa-
tion accuracy and preserves finer transmission details.

Phase-based Loss. We explore the impact of our phase-
based loss function. We remove this loss from the train-
ing procedure and observe the model’s performance without
it. The results show a noticeable increase in color discrep-
ancies and less accurate reflection removal, particularly in
scenarios involving semi-reflective surfaces (Table 3). The
phase-based loss function ensures the model focuses on re-
flection removal rather than compensating for color incon-
sistencies, leading to improved overall results.

6. Conclusion

In this work, we propose PolaRGB, a large-scale,
comprehensive dataset for polarization-based reflection re-
moval. With 6,500 well-aligned RGB-polarization im-
age pairs, PolaRGB is 8 x larger than existing polarization
datasets and is the first to include both RGB and polariza-
tion images, uniquely captured across diverse real-world
scenes and lighting conditions. Additionally, we present
PolarFree, a novel reflection removal model that leverages
the generative capabilities of diffusion models. This ap-
proach enables PolarFree to generate reflection-free cues,
enhancing separation accuracy while preserving fine details
in the transmission layer. A phase-based loss function is
also introduced to further improve the model’s performance.
Comprehensive experimetnal results on realistic scenarios
demonstrate the effectiveness our method. We believe these
contributions set a foundation for further advancements in
polarization-based reflection removal, paving the way for
more sophisticated applications in complex real-world en-
vironments.
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