
Spectral and Polarization Vision: Spectro-polarimetric Real-world Dataset
(Supplementary Information)

Yujin Jeon1,∗ Eunsue Choi1,∗ Youngchan Kim1 Yunseong Moon1

Khalid Omer2 Felix Heide3 Seung-Hwan Baek1

1 POSTECH 2 Meta 3 Princeton University

In this supplemental document, we provide additional analysis and details in support of the findings in the main manuscript.

Contents

1. Additional Comparison to Existing Datasets 2

2. Acquisition Setup 3

3. Spectro-polarimetric Image Formation 3

4. Noise and Denoising 4

5. Spatio-spectral-polarimetric Reprsentation Methods 6
5.1. PCA . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
5.2. INR Network Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
5.3. Additional Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

6. Polarized and Unpolarized Intensity 9

7. Stokes-vector Distributions 12

8. Gradient Analysis 18

9. Shape from Polarization 20

10. Dataset Examples 22

*Equal contribution

1



1. Additional Comparison to Existing Datasets
We further highlight here the difference in dataset diversity between our datasets and prior works. The common datasets used
in the field have been limited to polarization states, the number of spectral bands, scene count, and scene diversity, whereas
our study expands the scope to include factors mentioned above.

Table 1 provides a comprehensive comparison between previous studies and our current research at a glance. In the
”Polar.” column, cells colored red indicate datasets encompassing only linear polarization states, whereas green cells denote
datasets that include both linear and circular polarization states. Assessing the ”# of bands” column, datasets providing
grayscale polarization data are marked in red. Those offering spectral bands of 10 or fewer are colored yellow, while green
cells indicate datasets that provide Stokes vectors for more than 10 spectra. In terms of scene count, works featuring 1
to 100 scenes are highlighted in red, those with 101 to 1000 scenes are in yellow, and green cells represent datasets with
more than 1001 scenes. For scene diversity, datasets colored red consist of very limited scenes, such as synthetic scenes or
objects in consistent conditions. Yellow cells represent limited scene types, like diverse objects or scenes within restricted
environments, whereas green cells indicate natural scenes encompassing diverse environments.

Dataset Polar. # of bands Scene count Scene diversity
[10] LP 1 522 Outdoor scenes
[1] LP 1 300 Indoor objs.
[8] LP 6 10 Indoor objs.
[14] LP 3 40 Indoor objs.
[2] LP 3 3 Indoor multiview
[2] LP 3 2 Synthetic multiview
[4] LP 3 6 Indoor multiview
[9] LP 3 807 Reflective objs.
[11] LP 3 500 Outdoor scenes
[6] LP 3 44,300 Synthetic
[12] LP 3 3,200 Reflective objs.
[13] LP 3 4,500 Transparent objs.
[7] LP 3 2,000 Indoor/outdoor scenes
[3] LP, CP 18 67 Flat objs.
[5] LP, CP 21 4 Synthetic multiview
[5] LP, CP 21 4 Indoor/outdoor multiview

Ours (RGB) LP, CP 3 2022 Indoor/outdoor scenes
Ours (hyperspectral) LP, CP 21 311 Indoor/outdoor scenes

Table 1. Summary of relevant existing spectro-polarimetric image datasets.

• Lei et al. [10] (first row) offers grayscale linear polarization data confined to outdoor scenes.
• The work of [1] presents a dataset analogous to that of [10], both designed for shape-from-polarization (SfP) studies. The

distinctive aspect of [1] is its focus on indoor objects, contrasting with the broader scene diversity of [10].
• [8] provides linear polarization data across 6 spectral bands, though with a limited range of captured objects.
• The study by [14] introduces a novel demosaicing technique for linear polarization data, showcasing a limited set of indoor

object examples.
• [2] offers two varieties of linear polarization trichromatic data, including a few multiview datasets of indoor and synthetic

scenes.
• [4] provides indoor scenes with vast number of views for trichromatic linear polarization state.
• [9] supplies linear polarization trichromatic data with a focus on reflected objects, encompassing a collection of under 1000

instances.
• [11] provides outdoor linear polarization trichromatic data, supplemented with NIR and LiDAR information.
• [6] produces synthetic linear polarization trichromatic data for the purpose of polarization scene rendering.
• Both [12] and [13] generate linear polarization trichromatic data with a considerable number of examples, though specifi-

cally limited to reflective and transparent scenes, respectively.
• [7] delivers a diverse indoor and outdoor scenes, but only in linear polarization across three wavelength channels.
• The work by [3] includes both linear and circular polarization states over 18 spectral bands. However, the dataset primarily
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comprises flat objects captured in a laboratory environment, with the majority being refrigerator magnets, and the remainder
consisting of 3D-printed and glued objects.

• [5] offers two types of datasets, each featuring linear and circular polarization data across 21 spectral channels. or each
dataset type, they provide four examples: one comprising synthetic multiview data and the other containing multiview
datasets of indoor and outdoor scenes.
Our dataset comprises two distinct types: one with extensive trichromatic Stokes data and the other with hyperspectral

Stokes data encompassing 21 spectral bands, ranging from 450 nm to 650 nm at 10 nm increments. Both datasets provide
linear and circular polarization information for a variety of indoor and outdoor natural scenes.

2. Acquisition Setup
To acquire full Stokes parameters, including both linear and circular polarization states, commercial polarization cameras
typically require modifications, as they are originally designed to capture only linear polarization states. In the trichromatic
Stokes imaging system developed by Tu et al. [16], as depicted in Figure 1(a) to (c), the foundational element is a standard
polarization camera. This camera is fitted with a Bayer color filter array, over which four types of wire-grid linear polarizers
are placed, corresponding to the color filters. This arrangement facilitates the capture of linear polarization characteristics.
In addition, micro-retarders with a retardance of 45 ◦ and two distinct fast axes are alternately attached to the system. These
micro-retarders behave like quarter wave plate (QWP) converting the incoming light into circularly polarized light. Conse-
quently, for each pixel, the system captures 4 × 4 RAW intensities, equating to four polarized intensities for every set of four
Bayer color filter pixels.

The hyperspectral Stokes imaging system designed by Kim et al. [5] utilizes monochromatic sensor to capture grayscale
intensity of light from various spectral bands. The light sequentially passes through a QWP oriented at one of four distinct
angles, θ ∈ {30 ◦,−45 ◦, 60 ◦,−90 ◦}, during separate exposures. Subsequently, it traverses an LCTF, which functions as a
linear polarizer and selectively capture light at desired wavelengths, before reaching the camera sensor.

3. Spectro-polarimetric Image Formation
After acquiring the RAW intensity data of a scene, several post-processing steps are undertaken to accurately reconstruct the
Stokes parameters. For the trichromatic camera, the captured scene is initially in the form of RAW data with a resolution of
2048 × 2448 pixels. This data is subdivided into 16 distinct segments. The subdivision process involves categorizing each
pixel based on its row and column indices (n,m). Here, pixels are systematically assigned to specific segments using the
formula (n mod 4)× 4+ (m mod 4), effectively distributing them across these segments. Each of these segments possesses
a resolution of 512 × 612 pixels. We can see 16 segments in the right-most of Figure 1(b). Each partition is assigned to K-th
segments, where K = (n mod 4)× 4 + (m mod 4).

We subsequently demosaic the 512 × 612 image into a 2048 × 2448 image, resulting in each spatial pixel of the 2048
× 2448 image having 16 intensity values. However, due to minor artifacts observed at the borders of the captured intensity,
we crop the image to a resolution of 1900 × 2100 to ensure image quality. Subsequently, utilizing a pre-calibrated 16 × 12
reconstruction matrix, we derive four Stokes vectors for each of the three RGB components, total 12 values for each spatial
pixel.

For the hyperspectral Stokes vector, we acquire 84 measurements with 21 wavelength and four QWP angles for 512×612
pixels. Using these captured images, we can reconstruct s(λ, p), the Stokes vector at a wavelength λ for a pixel p, by solving
the least-square problem with M(θk, λ, p), a per-pixel Mueller matrix of the entire system including a QWP oriented at θk:

argmin
s(λ,p)

4∑
k=1

(Iλ,θkmeas(p)−M(θk, λ, p;λ)s(λ, p))
2, (1)

where Iλ,θkmeas(p) is an intensity measurement for the pixel p at a wavelength λ with QWP of fast-axis angle θk.
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Figure 1. Stokes Imaging Acquisition System. (a) shows overview of acquisition system of trichromatic Stokes dataset. (b) illustrates
structure of sensor array, SONY IMX250MYR, used widely in general polarization cameras. (c) represents the polarization sensor com-
bined with micro-retarders which functions like quarter wave plate (QWP). (d) shows overview of hyperspectral Stokes imaging system.
(e) and (f) illustrate sensor array of the hyperspectral system, equipped with LCTF and QWP.

4. Noise and Denoising
Images from the full-stokes camera can contain severe noise, especially for low intensity scenes. To suppress noise, we
applied several approaches such as median filter and deep learning-based denoising network. We first employed a median
filter to captured raw intensities, which is widely recognized for its efficacy in reducing noise while preserving edges in
images. By moving through pixels in an image, it replaces with the median value of neighboring pixels. It reduces more
noise compared to original data while losing details as the size of the median filter increases, as shown in Figure 2.

Similarly, we applied the state-of-the-art single-shot denoising method, KBNet [17], on the captured RAW intensities. The
outcomes, including the visualized polarization characteristics, are illustrated in the last column of the Figure 2. Comparing
to the median filters, KBNet preserves internal details while suppressing severe noise.
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Figure 2. Polarization Features of Denoised Stokes Vectors. The first column shows noisy input data. The second and the third column
represent results after applying median filter of size 3×3 and 10×10 respectively. The last column illustrates result after employing single-
shot denoising method KBNet [17]. Each row presents the polarization characteristics of the red channel from a trichromatic Stokes image,
encompassing sRGB, intensity, DoP, CoP, and AoLP. The last row emphasizes a severely noisy portion of AoLP visualization of the original
Stokes vector and that of denoised Stokes vectors.
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5. Spatio-spectral-polarimetric Reprsentation Methods
5.1. PCA

We conducted principal component analysis (PCA) on both trichromatic and hyperspectral Stokes dataset. We first divided
the images into patches of size P × P patches, P = 10 in this time, resulting in 190 × 210 patches for one trichromatic
Stokes image and 51 × 61 patches for one hyperspectral Stokes image, to efficiently extract a spatial basis.

After splitting, we flatten the patches and transform into 200 coefficients. We then derive the basis vectors for these Stokes
patches:

p = c · b+ µ, (2)

with b as the basis, c the corresponding coefficient, and µ the mean of incoming data. To store 10 × 10 size of Stokes
parameters, we need 10 × 10 × t × l parameters, where t denotes the number of Stokes parameters for one pixel, four,
and l represents the number of spectral channels, which is 21 for the hyperspectral Stokes dataset and 3 for the trichromatic
Stokes dataset. However, to represent with coefficients and bases, we need only 93 parameters for coefficients and one
additional parameter for µ to achieve bits-per-pixel (BPP) 60 with reasonable results. Figure 4 illustrates the obtained bases
of hyperspectral dataset. Each row matches the wavelength across spectral axis, and we can see that bases for each wavelength
exhibit similar spatial characteristics with variations in scale.

5.2. INR Network Architecture

We modify the NeSpoF [5] to efficiently represent spectro-polarimetric information of a particular scene. We model the
per-pixel MLP (F p

Θ) and spectral MLP (F c
Θ) without using intermediate polarimetric features, s0, DoP, χ, ψ, as shown in

Figure 3. The per-pixel MLP extracts the per-pixel polarimetric feature fp and the spectral MLP outputs the Stokes vectors
from the per-pixel feature fp and spectral channel c. We set the hyperparameter k of positional encoding [15] to 10 and 1 for
the pixel coordinate (px, py) and spectral channel c, respectively:

γk(x) = [x, sin(ω0x), cos(ω0x), ..., sin(ωkx), cos(ωkx)], (3)

where ωk = 2kπ. To achieve BPP 60, we set the number of layers 8, which consumes 2.22 MB to store 100 MB Stokes data.

Pixel coordinate
Spectral channel

Stokes vector

Figure 3. Network architecture.

5.3. Additional Results

Above, we show that employing PCA and INR can reduce the memory footprint of data. Consequently, this approach also
facilitates effective denoising of the data. As shown in Figure 4(d) and (f) of the main text, a comparison with pseudo ground-
truth(pseudo-GT) Stokes vectors, generated through burst imaging of a hundred images, reveals that the PCA method yields
a mean squared error (MSE) of 2.69×10−5, while the INR approach exhibits an MSE of 1.90×10−5. Figure 5 presents
visualizations of various polarization characteristics and the components s1, s2, and s3 of the Stokes vectors of the original
scene. It also showcases the outcomes produced by PCA, NeSpoF, the denoising method, and burst imaging. The denoised
Stokes vectors exhibit the lowest error, however, unlike PCA and INR, they do not facilitate data size compaction.
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Figure 5. Results after Compressive Polarization Representation. Each column shows original Stokes image, Stokes vectors recon-
structed from bases and coefficients by PCA, results after NeSpoF, Stokes vectors reconstructed from denoising methods by [17] and
pseudo ground truth Stokes parameters obtained by burst-imaging 100 images. Each row illustrates Stokes vectors and polarization char-
acteristics of 550 nm, encompassing sRGB, intensity and AoLP, DoP, CoP visualization, and s1, s2, s3 information.
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6. Polarized and Unpolarized Intensity
This section presents additional results from the decomposition of our datasets into polarized and unpolarized light. Figure 7
shows the separated polarized and unpolarized images of 18 different scenes in our trichromatic dataset, while Figure 8(a),
(b) and (c) shows the same results across the spectrum for one scene in our hyperspectral dataset. As discussed in the
main paper, it is evident from our observations that polarized images contain specular reflections, such as the glow of glass.
Notably, outdoor scenes captured under sunlight exhibit a rainbow-colored polarization of the sky. Additionally, we can
confirm that the LCD display on a monitor mainly emits polarized light, as shown in Figure 7.

Furthermore, we conducted an analysis of the intensity distributions for polarized and unpolarized components concerning
the dataset labels. Figure 6 shows that, irrespective of the label, the intensity of polarized light skews towards low and high-
intensity values compared to unpolarized light. However, distinct patterns emerge when comparing intensity distributions
captured under sunlight and cloudy conditions. In the cloudy dataset, polarized light is more concentrated near zero compared
to the sunlight dataset, and a peak is observed in the middle of the graph. As polarized sunlight passes through clouds, it
undergoes scattering events, leading to changes in its polarization states. The distinct polarization properties arising from
varying illumination conditions will be further discussed in the subsequent analysis sections.
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Intensity Intensity Intensity Intensity

Figure 6. Intensity distributions for polarized and unpolarized components with respect to dataset labels.
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Figure 7. Additional results of separation into polarized and unpolarized light in the Trichromatic dataset.
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450nm 460nm 470nm 480nm 490nm 500nm 510nm

530nm 540nm 660nm 560nm 570nm 580nm520nm

590nm 620nm600nm 610nm 630nm 640nm 650nm
(a) Intensity with respect to spectrum

(b) Unpolarized light with respect to spectrum

450nm 460nm 470nm 480nm 490nm 500nm 510nm
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530nm 540nm 660nm 560nm 570nm 580nm520nm

530nm 540nm 660nm 560nm 570nm 580nm520nm

590nm 620nm600nm 610nm 630nm 640nm 650nm

590nm 620nm600nm 610nm 630nm 640nm 650nm

(c) Polarized light with respect to spectrum

sRGB

Figure 8. Additional results of separation into polarized and unpolarized light in Hyperspectral dataset Intensities and unpolarized
lights are in range 0 to 1, and polarized lights are plotted in range 0 to 0.3 for visualization.
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7. Stokes-vector Distributions
We analyze the distributions of Stokes-vectors concerning the spectrum and various capture environments based on our
dataset labels.

Figure 9 highlights the diversity of the Stokes vectors across the spectrum. It visualizes the Stokes vector components s1,
s2 and s3 for a scene in the hyperspectral dataset. As shown in Figure 8, the values of s1, s2 and s3 on the surface of the cone
shows distinct distributions for each wavelength. Particularly, noteworthy is the significant difference in s2 and s3 values at
610nm and 620nm, despite only a 10nm separation. The hyperspectral polarization dataset proves instrumental in providing
detailed insights into the analysis and decomposition of polarization information, in contrast to trichromatic polarization data.

Figure 10 highlights the impact of the capture environment on polarization states. The upper two scenes were captured
outdoors, and the bottom scene was captured indoors. As shown in Figure 10, the intensity of Stokes vectors in outdoor
scenes tends to be higher than in indoor scenes. Moreover, the outdoor scene captured under sunlight, which includes more
circularly polarized light, exhibits greater variability in s3 values compared to s1 and s2 across the R, G, and B channels.
Conversely, for the indoor scene, s1 and s2 are widely distributed across color channels rather than s3.

Moreover, we conduct an analysis based on the dataset labels by plotting the distributions of Stokes vectors in both
the hyperspectral and trichromatic datasets (Figure 11, 12). We observe that the components of the Stokes vector in the
cloudy scene are concentrated near zero compared to the sunlight scene. This observation aligns with the understanding that
polarized sunlight undergoes depolarization due to scattering events on the cloud, a phenomenon further illustrated in the
Poincaré sphere visualization presented in the main paper. For the night scene, characterized by predominantly low-intensity
pixels, Stokes vectors are distributed unstably and lack a symmetrical shape. Furthermore, the maximum number of pixels
is significantly lower than that in the other scenes, indicating a dispersion of these values. Although the data captured under
white light and incandescent light exhibit similar patterns in Stokes vector distributions, the maximum number of pixels in
the incandescent light scene is lower than that in the white light scene. This indicates that scenes under the white light have
a higher slope in its Stokes vector distributions compared to scenes under the incandescent light. This observation is further
supported by the Poincaré sphere visualization (see Figure 13).
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Figure 9. Stokes Images over the Spectrum. Stokes images of s1, s2 and s3 of hyperspectral dataset
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8. Gradient Analysis
In this section, we present additional gradient distributions based on the location and time of data capture (indoor, daytime,
and night). As shown in Figure 14, we plot the gradient distributions of Stokes vectors (s0, s1, s2, and s3), normalized
Stokes vectors (s′1, s′2, and s′3), Angle of Linear Polarization (AoLP), Chirality of Polarization (CoP), Degree of Circular
Polarization (DoCP), and Degree of Linear Polarization (DoLP). Scenes captured at different locations and times exhibit
distinct patterns in their gradient distributions, while still retaining similar shapes to the hyper-Laplacian prior. Interestingly,
data captured during the daytime shows that the gradient of Stokes vectors (s0, s1, s2, and s3) is distributed more widely
compared to indoor and night scenes. However, for the normalized Stokes vectors ,s′1, s′2, and s′3, daytime scenes are more
concentrated near zero than others.
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9. Shape from Polarization
Through shape-from-polarization (SfP) methods, we can reconstruct 3D normal map from polarization data such as Stokes
parameters, DoLP and AoLP information. However, as they utilize features from linear polarization state and monochro-
matic data, they lose consistency of normal maps along the spectral axis. Divergent normal maps recovered across different
wavelengths using SfP by Lei at el. [10] from hyperspectral Stokes dataset are shown in Figure 15(a) and trichromatic Stokes
dataset in Figure 15(b). In Figure 15(a), although Stokes parameters are shown to have different values for each spectrum,
normal map of the scene should not be distinct, which is not accomplished by existing SfP methods. Those distinctions are
observed regardless of the illumination condition and the number of spectral channels. Figure 15(b) shows various scenes
from the trichromatic Stokes dataset, including sunlight, night time, white light, and yellow light. Figure 15(c) plots the
standard deviation probability of azimuth θ and elevation ϕ while Figure 15(d) shows the standard deviation probability of
x, y, and z components of normal maps across the spectral bands for each dataset. We can see that x and y vary more than z
components leading to fluctuating azimuth, which indicates that reconstructed normal maps do not guarantee reliable x and
y components. Utilizing circular polarization and hyperspectral information, SfP yields more accurate normal maps.
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(a) Hyperspectral dataset

(b) Trichromatic dataset
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Figure 15. Normal maps obtained via SfP by Lei at el. [10] and their statistics. (a) Normal maps acquired from the same scene
in hyperspectral Stokes dataset but with different wavelength. (b) Normal maps obtained from various illumination condition from the
trichromatic Stokes dataset. (c) Standard deviation probability of azimuth and elevation of normal maps categorized by dataset. (d)
Standard deviation probability of x, y, and z components of normal maps.
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10. Dataset Examples
In this section, we present examples of our datasets in terms of sRGB, intensity and Stokes vectors (s1, s2 and s3) across the
spectrum. We collected the data based on nine different labels, encompassing location and time (indoor, outdoor daytime,
outdoor night), scene types (object-oriented and scene-oriented), illumination sources (white light, incandescent light, clear
sunlight and cloudy conditions). Figure 16, 17 shows object-oriented scenes, characterized by one or two single objects,
while Figure 18, 19 shows scene-oriented scenes. Indoor scenes are showcased in Figure 20, 21, outdoor daytime scenes
in Figure 22, 23, and outdoor night scenes with low intensities in Figure 24, 25. Figure 26, 27 display data captured under
white light, commonly found in indoor settings, and Figure 28, 29 shows data captured under incandescent light, known for
emitting a yellowish hue. Figure 30, 31 show data captured under clear sunlight, and Figure 32, 33 display data captured
under cloudy conditions. As shown in these figures, our datasets spans diverse scene types, objects times, and illumination
conditions.
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Scene #1: Object oriented 1 
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Figure 16. Dataset example of object-centric data in the hyperspectral dataset.
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Scene #2: Object oriented 2

0.003

-0.003
0.003

-0.003
0.001

-0.001

450nm 460nm 470nm 480nm 490nm 500nm 510nm

520nm 530nm 540nm 550nm 560nm 570nm 580nm

590nm 600nm 610nm 620nm 630nm 640nm 640nm

450nm 460nm 470nm 480nm 490nm 500nm 510nm

520nm 530nm 540nm 550nm 560nm 570nm 580nm

590nm 600nm 610nm 620nm 630nm 640nm 640nm

450nm 460nm 470nm 480nm 490nm 500nm 510nm

520nm 530nm 540nm 550nm 560nm 570nm 580nm

590nm 600nm 610nm 620nm 630nm 640nm 640nm

450nm 460nm 470nm 480nm 490nm 500nm 510nm

520nm 530nm 540nm 550nm 560nm 570nm 580nm

590nm 600nm 610nm 620nm 630nm 640nm 640nm

sRGB

Figure 17. Dataset example of object-centric data in the hyperspectral dataset.
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Scene #3: Scene oriented 1
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Figure 18. Dataset example of scene-centric data in the hyperspectral dataset.
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Scene #4: Scene oriented 2
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Figure 19. Dataset example of scene-centric data in the hyperspectral dataset.
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Scene #5: Indoor scene 1
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Figure 20. Dataset example of indoor scene data in the hyperspectral dataset.
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Scene #6: Indoor scene 2
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Figure 21. Dataset example of indoor scene data in the hyperspectral dataset.
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Scene #7: Daytime scene 1
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Figure 22. Dataset example of daytime scene data in the hyperspectral dataset.
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Scene #8: Daytime scene 2
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Figure 23. Dataset example of daytime scene data in the hyperspectral dataset.
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Scene #9: Night scene 1
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Figure 24. Dataset example of night scene data in the hyperspectral dataset.
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Scene #10: Night scene 2
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Figure 25. Dataset example of night scene data in the hyperspectral dataset.
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Scene #11: White light scene 1
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Figure 26. Dataset example of scene data captured under white light in the hyperspectral dataset.
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Scene #12: White light scene 2
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Figure 27. Dataset example of scene data captured under white light in the hyperspectral dataset.
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Scene #13: Incandescent light scene 1
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Figure 28. Dataset example of scene data captured under incandescent light in the hyperspectral dataset.
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Scene #14: Incandescent light scene 2
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Figure 29. Dataset example of scene data captured under incandescent light in the hyperspectral dataset.
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Scene #15: Sunlight scene 1
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Figure 30. Dataset example of scene data captured under sunlight in the hyperspectral dataset.
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Scene #16: Sunlight scene 2
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Figure 31. Dataset example of scene data captured under sunlight in the hyperspectral dataset.
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Scene #17: Cloudy scene 1
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Figure 32. Dataset example of scene data captured under cloudy condition in the hyperspectral dataset.
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Scene #18: Cloudy scene 2
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Figure 33. Dataset example of scene data captured under cloudy condition in the hyperspectral dataset.
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