
Guided Lensless Polarization Imaging

Supplementary Material

This supplementary material provides additional details
that supplement the paper “Guided Lensless Polarization
Imaging”. Section 1 describes the optical setup used in
our experiments. Section 2 outlines the implementation
of the physics-based reconstruction baselines (FISTA and
ADMM). Section 3 presents additional details of the RGB-
guided refinement network and Section 4 summarizes fur-
ther implementation details and shows complementary re-
sults.

1. Optical Setup

Our prototype lensless polarization camera, shown in Fig-
ure 2, combines a random diffuser with a polarization mask
following the design of Elmalem and Giryes [6], Kraicer
et al. [8], as described in the Lensless Polarization Imag-
ing Setup section of the main paper (Section 3.1). These
two optical elements jointly encode spatial and polarization
information in the image plane. We use a 0.5◦ diffuser (Ed-
mund Optics #47-860), mounted on a 12.3 MP color CMOS
sensor (Thorlabs CS126CU) with a pixel pitch of 3.45µm.

The polarization mask is fabricated by cutting a linear
polarizing film (Thorlabs LPVISE2X2) into stripes approxi-
mately 880µm wide (corresponding to∼256 sensor pixels).
These stripes are placed on a glass substrate and arranged
into the desired polarization-angle pattern, following a re-
peating sequence of 0◦, 45◦, 90◦, and 135◦ (repeated four
times), as illustrated in Figure 1. The mask is designed to
support one-shot acquisition of the four polarization angles
while remaining simple to fabricate under lab conditions,
and is similar to prior designs [3, 6, 8]. The mask assem-
bly is then mounted just above the sensor’s cover glass to
ensure accurate, high-fidelity polarization sampling at each
angle. Incoming light first passes through the diffuser and
is multiplexed before reaching the polarization mask, after
which the encoded light is recorded by the sensor. To mea-
sure the system’s polarization-independent PSF, we image a
point light source after removing the camera’s polarization
mask. To measure the angular response introduced by the
polarization mask (at 0◦, 45◦, 90◦, and 135◦), we place a
broadband, uniform light source in front of the bare lens-

Figure 1. Illustration of our polarization mask, con-
taining four repetitions of striped polarizers at orientations
0◦, 45◦, 90◦, and 135◦
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Figure 2. The experimental optical setup from two viewpoints.
Left: Front view showing the imaging target and the two-sensor
setup: (1) lensless polarization camera and (2) RGB reference
camera. Right: Back view of the setup showing (3) the rotation
stage with a mounted linear polarizer positioned in front of (2) the
RGB camera for capturing reference images. The lensless camera
prototype (1) consists of a diffuser and a manually assembled po-
larization mask mounted on the sensor.

less camera (after removing the diffuser) and control the in-
cident polarization angle using an external motorized rotat-
ing linear polarizer (Thorlabs LPVISE100-A) mounted on
a Thorlabs ELL14K stage. These angular response mea-
surements are shown in Figure 3 of the main paper. We
operate in a regime where the PSF is approximately shift-
invariant (LSI), which simplifies our reconstruction to a lin-
ear shift-invariant model. To obtain reference polarization
images at each angle, an RGB sensor (UI-3590LE-C-HQ) is
placed behind the rotating polarizer. These reference mea-
surements are also used to compute the RGB guidance im-
age, as defined in Equation (2) of the main paper, in the
same manner as the simulated datasets. A photograph of
the complete optical setup is shown in Figure 2. The raw
16-bit lensless sensor data are converted to 32-bit floating
point and normalized to the [0, 1] range. White balance cor-
rection is then applied by scaling the red and blue channels
to match the mean intensity of the green channel, before
further processing.

2. Physics-Based Reconstruction Implementa-
tion Details

For both FISTA and ADMM, the polarization intensity im-
age x̂ is recovered by solving the optimization problem in
Equation (3) with its forward operator in Equation (1) of the
main paper. Both solvers are GPU-accelerated using CuPy.

2.1. FISTA
We adopt the FISTA solver with Haar-based anisotropic to-
tal variation (TV) from the publicly available implementa-



tion of SpectralDiffuserCam [9].
For simulated data (PIP, UPLight, and ZJU-RGB-P),

FISTA is run for 10k iterations, an empirically chosen value
that ensures visual convergence and stable reconstruction
quality. For real-world measurements, the iteration count is
reduced to 500 in both color and grayscale, which is suffi-
cient for convergence.

A fixed step size of 1/(L · c) is used for FISTA’s update,
where L is the Lipschitz constant of the forward operator
and c is a tuning factor. Following prior work, we set c =
45 for synthetic data [9], c = 100 for the PSF-mismatch
ablation, and use a more conservative c = 1000 for real
measurements to improve stability under noise and forward-
model mismatch. All reconstructions are initialized with
zeros.

We regularize x using a Haar-based anisotropic 3DTV
prior across both spatial and polarization dimensions. Let λ
denote the global regularization strength and λw the relative
weighting of the polarization axis with respect to the spatial
axes. The directional weights are defined as

wax =

{
λw, if axis = polarization,
1, if axis = spatial.

Each FISTA iteration then performs a proximal update that
combines non-negativity with Haar-based TV:

x← 1
2

(
max(x, 0) + tvApproxHaar

(
x, λ

L·c , wax
))

,

Where the scaling factor L · c is applied consistently in both
the gradient step and the TV thresholding.

We set λ = λw = 5 × 10−5 for synthetic data and in-
crease both to 5 × 10−3 for real measurements, which re-
quire stronger TV regularization. All hyperparameters were
selected via grid search to balance denoising and structure
preservation. For real data in the three-angle grayscale con-
figuration, the measured PSF and mask are converted to
grayscale before reconstruction.

2.2. ADMM
We also solve Eq. (3) using scaled ADMM [5], with up-
dates:

(A⊤A+ ρI) vt+1 = A⊤y + ρ (zt − ut), (1)

zt+1 = prox(λ/ρ) TV

(
vt+1 + ut

)
, (2)

ut+1 = ut + vt+1 − zt+1. (3)

Here, v is the data-fidelity variable, z is the regular-
ization variable enforcing the TV and non-negativity con-
straints, and u is the scaled dual variable (Lagrange multi-
plier) enforcing consensus between v and z. The variables
A and y represent the system’s forward operator and the

measurement vector, respectively, as defined in Eq. (3) in
the main paper.

Unlike FISTA, in ADMM the non-negativity constraint
is applied to the TV-regularized variable z, i.e., zt+1 ←
max

(
zt+1, 0

)
, rather than directly to v.

The TV proximal operator uses the same Haar-based
anisotropic formulation as in the FISTA solver. We solve
(1) inexactly using conjugate gradients, since the forward
operator A includes spatial masking and cropping, mak-
ing A⊤A non-shift-invariant and thus not diagonalizable in
the Fourier domain. We use ρ = 0.15, λ = 3 × 10−5,
λw = 6 × 10−5, 200 ADMM iterations, and CG tolerance
10−3 with 30 inner iterations for all simulation datasets. We
use ADMM only for simulated datasets in our ablations; all
real-data reconstructions are obtained with FISTA.

Note on RGB Data. For both the FISTA and ADMM im-
plementations, when processing four-angle RGB measure-
ments, the 3D total-variation regularization (spatial and po-
larization dimensions) is applied separately to each color
channel.

3. RGB-Guided Deep Refinement Implementa-
tion Details

The second stage of our reconstruction pipeline utilizes an
RGB-guided refinement network based on SwinFuSR [2],
as described in the RGB-Guided Deep Refinement section
of the main paper (Section 3.4).

The network architecture follows the structure of Swin-
FuSR and is composed of three core modules: Extraction,
Fusion, and Reconstruction.

The Extraction module applies shallow convolutions and
Swin Transformer Layers (STLs) to encode features from
the initial reconstruction and RGB image. The Fusion
module integrates these feature streams through Attention-
guided Cross-domain Fusion (ACF) blocks. The Recon-
struction module refines the fused representation with ad-
ditional STLs and convolutions to produce the final output
with a skip connection for the initial reconstruction.

The module depths are configured as follows: two STLs
in the Extraction module, three ACF blocks in the Fusion
module, and three STLs in the Reconstruction module, con-
sistent with the original SwinFuSR configuration.

The original implementation of SwinFuSR was designed
for guided thermal Super-Resolution (SR), where the low-
resolution (LR) thermal input image is upsampled to high-
resolution (HR) before entering the network. We omit this
upsampling step because both our initial reconstruction and
the RGB guidance image are already at the target high reso-
lution, making the operation unnecessary. We used a batch
size of 1 due to memory constraints.



Table 1. Baseline comparison under the three-angle grayscale con-
figuration on the UPLight and ZJU-RGB-P evaluation datasets.

Model PSNR↑ SSIM↑ LPIPS↓
UPLight

FlatNet 10.78 0.27 0.98
PolarAnything (FISTA input) 11.84 0.36 0.98
PolarAnything (RGB input) 11.98 0.40 0.93
FISTA 16.72 0.26 0.53
FISTA + Transf. 17.93 0.44 0.53
Ours (FISTA input) 20.49 0.52 0.32

ZJU-RGB-P
FlatNet 16.73 0.54 0.57
PolarAnything (FISTA input) 19.05 0.58 0.42
PolarAnything (RGB input) 19.96 0.62 0.38
FISTA 14.50 0.46 0.44
FISTA + Transf. 27.20 0.89 0.19
Ours (FISTA input) 31.19 0.97 0.07

4. Additional Experimental Results

This section details complementary information for the ex-
perimental results reported in Section 4 of the main paper.

4.1. Additional Implementation Details

Training Dataset We selected the Polarimetric Imaging
for Perception (PIP) dataset [4] because it is the largest
publicly available dataset providing aligned RGB and po-
larization data suitable for our task. However, the publicly
released version contains only derived polarization metrics
(Angle of Linear Polarization (AoLP) and Degree of Lin-
ear Polarization (DoLP)) along with RGB images, which
are computed from the raw polarization intensity images
(I0, I45, I90, I135). Since our method requires these raw in-
tensity measurements, we obtained them directly from the
dataset authors upon request, along with their established
preprocessing pipeline. We split the data into 8,538 train-
ing, 2,717 validation, and 1,372 test images without scene
overlap.

Evaluation Metrics We used three metrics for quantita-
tive evaluation: PSNR, SSIM, and LPIPS (VGG). For the
three-angle grayscale polarization intensity images config-
uration, PSNR and SSIM are averaged over channels, while
LPIPS is computed per channel (converted to RGB) and av-
eraged. For the 12-channel RGB four-angle configuration,
PSNR and SSIM are averaged over all 12 channels. LPIPS
is computed per RGB triplet (i.e., three channels represent-
ing a single polarization angle) and then averaged over the
four triplets.

4.2. Synthetic Data Results
This section further elaborates on the synthetic data results
presented in Section 4.1 of the main paper.

FlatNet and PolarAnything FlatNet [7] and PolarAny-
thing [10] are two additional baselines included in our com-
parisons, as detailed in the Experimental Results section of
the main paper (Section 4.1).

FlatNet provides both separable and non-separable vari-
ants depending on the structure of the PSF. We use the non-
separable model, which aligns with the characteristics of
our measured PSF. Because its U-Net architecture expects
input dimensions divisible by 32, we pad the 250×250 sen-
sor images to the nearest valid size (256×256). Training was
performed for 50 epochs (approximately the same number
of iterations in the paper). The rest of the parameters were
the same as their code’s base config and only MSE loss,
which yielded the best results.

For PolarAnything, we likewise pad the 250×250 inputs
to 256×256 to satisfy the spatial-resolution requirements of
the diffusion U-Net. We train the network for each config-
uration (RGB / FISTA input) for 20 epochs, which is suffi-
cient for convergence; all other training parameters follow
those reported in the paper. PolarAnything was trained on
two NVIDIA RTX A6000 GPUs with a batch size of 32.

For both baselines, the reconstructed images are cropped
to their original resolution before computing all evaluation
metrics. Table 1 presents the generalization performance
of FlatNet and PolarAnything on the supplementary UP-
Light and ZJU-RGB-P datasets, which were not featured
in the main paper (see Table 2 in the main paper). Both
models show limited generalization, notably on the UP-
Light dataset, where their results are worse than the FISTA
baseline, clearly demonstrating a significant performance
gap compared to our proposed approach and the unguided
FISTA+Transformer baseline.

Fine-Tuning Evaluation. Table 2 shows the performance
on ZJU-RGB-P and UPLight before and after fine-tuning
on 10 image pairs, demonstrating quantitative gains with
minimal target-domain data. Table 3 summarizes the per-
formance on PIP before and after this fine-tuning. As ex-
pected, domain shifts lead to degradation on the source do-
main (PIP), more pronounced for UPLight due to its larger
domain shift (underwater scenes vs street scenes in PIP and
ZJU-RGB-P). However, this degradation is moderate and
represents a trade-off that enables improved performance on
the target domain using only a small amount of new data.

4.3. Real-world Results
The qualitative results on real lensless polarization data in
the 3-angle grayscale configuration are shown in Figure 5
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Figure 3. Qualitative comparison on four real scenes: plastic bag, horizontal speaker, metals, and vertical speaker. For each scene, rows
correspond to the four polarization angles, and columns show FISTA, FISTA+Transformer, our method, the reference polarization image,
and the RGB guidance image used by our method (rightmost column).

in the main paper. For the same scenes, the results under
the four-angle RGB configuration further confirm that our
method consistently surpasses the reference approaches,
yielding accurate and reliable reconstructions as seen in
Figure 3.

4.4. Ablation Studies

This section provides supplementary details for the ablation
studies in Section 4.3 of the main paper.

Simple Fusion While Table 3 in the main paper shows
that simple feature fusion does not result in a significant
quantitative performance drop compared to our method
(which uses cross-attention fusion), the qualitative differ-
ences are present. As illustrated in Figure 4, simple fusion
yields results with visual intensity that appears different and
less accurate than our approach across both the simulated
(UPLight, ZJU-RGB-P) and real-scene datasets. Further-
more, in the real-scene example of the first row, this simple
fusion mechanism fails to effectively integrate the RGB and
initial reconstruction features.
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Figure 4. Qualitative comparison of simple fusion and our method. Left: simulated datasets (UPLight, ZJU-RGB-P). Right: real scenes.
Each polarization triplet (0◦, 45◦, 90◦) is visualized as an RGB composite.

Table 2. Performance before and after fine-tuning on 10 training
pairs from ZJU-RGB-P or UPLight, under the four-angle RGB
and three-angle grayscale configurations, using the base model
with FISTA input. The reported results exclude the 10 samples
used for fine-tuning.

Model UPLight ZJU-RGB-P
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

Color
Base 20.06 0.51 0.28 30.36 0.96 0.04
Fine-tuned 21.99 0.55 0.18 31.66 0.97 0.03

Grayscale
Base 20.49 0.52 0.32 31.16 0.97 0.07
Fine-tuned 24.67 0.56 0.23 32.74 0.97 0.05

PSF Mismatch The results presented in Table 3 of the
main paper demonstrate our model’s robust generalization
to unseen optics during inference. Specifically, we used two
additional Point Spread Functions (PSFs) from Antipa et al.
[1] (PSF #1) and Monakhova et al. [9] (PSF #2) to simu-
late and reconstruct the UPLight and ZJU-RGB-P datasets.
These PSFs are distinct from the training simulation and re-
construction PSF used for the PIP dataset. The visual com-
parison of all three PSFs is provided in Figure 5. All PSFs
share a similar speckle-like structure but differ in geometry.

Table 3. Performance on the PIP dataset before and after fine-
tuning on 10 training pairs from UPLight or ZJU-RGB-P, evalu-
ated under the four-angle RGB and three-angle grayscale configu-
rations using the base model with FISTA input.

Model PSNR↑ SSIM↑ LPIPS↓

Color
Base - before 33.05 0.95 0.04
FT (UPLight) 28.95 0.92 0.06
FT (ZJU-RGB-P) 31.53 0.95 0.05

Grayscale
Base - before 35.13 0.97 0.03
FT (UPLight) 31.26 0.96 0.07
FT (ZJU-RGB-P) 33.53 0.97 0.04

RGB Guidance Similar to the FISTA+Transformer base-
line, we train an RGB+Transformer model to highlight
the limitations of RGB-only reconstruction. The RGB-
only model (Table 4) underperforms our method and fails
to generalize to UPLight (an out-of-distribution (OOD)
dataset), as it lacks polarization information. In contrast,
our method preserves consistency with the physics-based
polarization initialization via a skip connection, while RGB
provides complementary high-frequency structure through
cross-attention (see Figure 4 in the main paper).



Figure 5. PSFs used in ablation study (#1 and #2) and the training
PSF (measured from our system). Left: PSF #1. Middle: PSF #2.
Right: Measured PSF used for training.

Table 4. RGB ablation under the same training pipeline as our
method. FISTA+T denotes the baseline derived from our archi-
tecture, in which the Transformer refines only the FISTA recon-
struction without RGB guidance (i.e., the same input is fed to both
branches). RGB+T uses the same architecture with RGB-only in-
put. UPLight is out-of-distribution (OOD) relative to the training
data.

Model PIP UPLight
PSNR↑ SSIM↑ PSNR↑ SSIM↑

Polar (FISTA+T) 28.85 0.88 17.93 0.44
RGB (RGB+T) 32.28 0.97 13.11 0.48
Ours 35.13 0.97 20.49 0.52

Translation Augmentation We evaluate robustness to
misalignment by applying random translations to the RGB
guidance image on simulated data (Table 5). Without
augmentation, performance degrades under such shifts,
whereas training with translation augmentation largely
eliminates this sensitivity.

We further evaluate a wider range of translation mag-
nitudes on simulated data and observe stable performance
even beyond ±4 pixels. However, in real-world experi-
ments, we find that using±4 pixels during training provides
the best overall performance, reflecting the typical level of
residual misalignment in our setup. This is particularly im-
portant in practice, where perfect alignment cannot be guar-
anteed, motivating its use in the main paper.

Table 5. Robustness to test-time translations (total shift: 0–4 px).
Metrics are reported as PSNR / SSIM, averaged over two seeds.

Dataset 0px 1px 2px 3px 4px
Ours (no translation augmentation, grayscale)
UPLight 19.92 / .54 19.84 / .52 19.74 / .51 19.61 / .50 19.46 / .50
RGBP 31.74 / .97 25.84 / .94 23.65 / .91 22.56 / .90 21.94 / .89
PIP 35.53 / .97 27.91 / .94 25.36 / .92 24.05 / .91 23.23 / .90
Ours (trained with translation augmentation, grayscale)
UPLight 20.49 / .52 20.49 / .52 20.48 / .52 20.47 / .52 20.46 / .52
RGBP 31.19 / .97 31.15 / .97 31.10 / .97 31.03 / .97 30.95 / .97
PIP 35.13 / .97 35.08 / .97 35.03 / .97 34.96 / .97 34.88 / .97
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