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1. Dual-camera MS-RGB Dataset

The proposed dataset provides high-quality image quadru-
plets consisting of mosaiced RGB and MS images alongside
their respective demosaiced ground truths. These images
are collected using a custom-built imaging system designed
to simulate an asymmetric dual-camera setup, as described
in Sec. 4.1 of the main paper.

Our system employs a Sony Alpha 1 camera with a RGB
Bayer color filter array (CFA) sensor, featured with pixel-
shift mode, to capture accurate ground-truth demosaiced
RGB and MS images through sub-pixel shifts. The camera,
mounted on a linear stage actuator, captures staged scenes in
an illumination box from different positions while maintain-
ing a fixed relative baseline between the RGB and MS cap-
tures (illustrated in Fig. 1). RGB acquisition is performed
by configuring the illumination box to simulate the CIE D65
daylight illuminant, while MS acquisition is achieved by
simulating a multispectral filter array (MSFA) through cap-
turing the same scene under varying light sources within the
box. After capturing the demosaiced RGB and MS images,
further processing generates the mosaiced images. This in-
volves synthesizing noise to replicate realistic sensor condi-
tions and applying mosaic patterns using a 2x2 Bayer CFA
for RGB images and a 4 x4 MSFA for MS images.

1.1. 16-Band MS Image Acquisition

For capturing MS image acquisition, our imaging system
simulates a total of 21 multispectral response functions by
combining the CFA response functions of the camera with
the spectral power distributions (SPDs) of varying light
sources provided by the illumination box. The illumination
box provides seven primary wavelengths, ranging from 380
nm to 760 nm, which can be combined in various ways to
create customizable light sources. By leveraging the config-
urable illumination feature provided by the box, the system
captures the same scene seven times, each under a different
wavelength combination, resulting in a 21-channel MS im-
age (7 wavelength combinations x 3 RGB channels). This
is then reduced to a 16-channel MS image by discarding 5

Code and data are available at https://ms-demosaic.github.io/
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spectral channels with the least information.

Fig. 2 illustrates the channel selection process for cre-
ating 16-channel MS images. Using an RGB camera and a
configurable illumination box, we simulate 21 multispectral
response functions (Fig. 2a). The response functions of the
RGB CFA camera, denoted as C' ov(@,7), define the sensi-
tivity of the red, green, and blue channels across the visible
wavelength range . The illumination box provides spectral
power distributions (SPDs), L7 (), corresponding to seven
distinct wavelength bands. The RGB CFA response func-
tions are calibrated using camSPECS V2, which captures
images of several monochromatic light sources at different
wavelengths and measures the output intensities for each
channel. These measured values are compared against the
known SPD of the light source to determine the spectral
sensitivity of each CFA channel. For the SPDs of the il-
lumination box, we use data provided by the manufacturer
(Telelumen Octa Light Player).

The multispectral responses are derived by combining
the RGB response functions with the SPDs of the box:

Crs(@,7) = Chgp(,7) L7 (), viel 23], jel1,2,...7. (1)

This results in a total of 21 response functions (i.e., k €
[1,2,...,21]), representing all combinations of RGB chan-
nels and illumination SPDs.

To reduce the 21 channels to 16, we consider the area of
the response functions and select filter responses that are
distributed across the visible spectrum. Specifically, we
compute the integral of each response function C* _(z,7)
over the visible range ~, which quantifies the spectral con-
tribution of each channel. Based on these integrals, we se-
lect the top 12 channels with the largest areas. For the re-
maining 8 channels, which have smaller spectral contribu-
tions, we heuristically choose 4 channels to ensure coverage
across different wavelengths. The final 16 response func-
tions, highlighted in red in Fig. 2a, are mapped to the MSFA
grid to create spatially multiplexed MS images (Fig. 2b-c).
These MS images are then combined to construct the high-
quality MS demosaiced image, which serves as a key com-
ponent of the proposed dual-camera RGB-MS dataset.


https://ms-demosaic.github.io/

Figure 1. Overview of the data capturing pipeline: The system uses a Sony Alpha 1 camera with an RGB Bayer CFA sensor and pixel-
shift mode to capture high-resolution ground-truth RGB and multispectral (MS) images via sub-pixel shifts. The camera, mounted on a
linear stage actuator, captures staged scenes from different positions while maintaining a xed baseline. RGB images are acquired in an
illumination box simulating CIE D65 daylight, while MS images use a multispectral Iter array (MSFA) under varied lighting. The dataset
includes 502 quadruplets from 28 challenging scenes, featuring diverse staged setups.



Figure 2. lllustration of 16-channel MS image acquisition in our imaging system. (a) shows th®&FA simulation using and RGB

CFA camera (rst column) and varying light sources provided by a con gurable illumination box (top row). Given the RGB response
function Cigb (x; ) of the camera and 7 distinct SPD$( ) provided by con gurable illumination box, we simulate 21 multispectral
response functions &fs = Clg, (X; )L ( ) for eachi 2 [1;2;3] andj 2 [1;2;::;7]. From these 21 response functions, 16 are
selected to simulate a #4 MSFA (highlighted by red boxes). (b-c) are examples of MS images of different scenes captured using the
multispactral response functions. The selected 16-channel images (highlighted by red boxes) are used to construct the ground-truth MS
demosaic imagé™® in the proposed dual-camera RGB-MS dataset.

1.2. Noise Calibration Here, 2(1,(x)) represents the intensity-dependent noise

variance. The parametef models photon shot noise, pro-
ortional to the pixel intensity, (x), while 2 accounts for

intensity-independent electronic read noise.

Given demosaiced RGB and MS images captured by our
imaging system, we generate their corresponding mosai
images. To mitigate noise caused by the small pixel size of
the sensor, we rst downsample the pixelshift demosaiced Following the procedure outlined in [5, 10], we calibrate
images from 56408760 to 1440 2160. These downsam- the noise parameters for each RGB CFA channel of the
pled clean images serve as our demosaiced ground-truth irBony Alpha 1 camera. To this end, we capture images of
our proposed dataset. Next, we apply synthetic noise andthe X-Rite color chart under different exposures and 1ISO
then mosaic the images using a2 Bayer CFA for RGB levels, and t a linear model to the scatter plot of the cal-
and a 4 4 MSFA for MS to obtain the nal mosaic images. culated mean and variance pairs of pixel intensities at all
To simulate realistic sensor noise, we use a Poisson-homogeneous patches of the color chart images. This linear
Gaussian noise model [5, 10, 11]. Given the clean image t describes the heteroscedastic noise variance as a func-

| 2RM W N 'noisy imagey 2RH W N is modeled as: tion of pixel intensity, determined separately for each color
channel at different ISO values. In practice, our pipeline

Ya(X) = Tn(x)+ n(ln(x)); @ synthesizes noise using and 2 calibrated at 1SO 400.
wheren denotes the channel index angi(l,(x)) repre- Nonetheless, it is worth mentioning that noise synthesis can

sents the noise at pixel location The noise distributionis ~ be easily extended to other ISO levels, as mosaic images
calibrated using heteroscedastic modeling, which accountscan be regenerated using the high-quality ground-truth RGB
for the per-pixel signal dependency of photon noise. Math- and MS demosaiced images in our dataset.

ematically: Once ! and ? are calibrated for the camera, we ap-
H(0n(x) N (0; 2(In(x))); where 3) ply the noise to the clean RGB and M_S demosaiced images
5 o 5. captured by our system, based on their spectral channel and
n(ln(X)) = aln(x)+ & (4) intensity value. Note that the noise model calibrated for



Figure 4. Qualitative comparison of RGB-guided MS demosaic-
ing on the HS dataset [7]. Trained solely on our dataset, MCAN +
Ours recovers sharper spatial details and cleaner spectral content
than MCAN and HSIFN, demonstrating the generalization capa-
bility of our method across varying MS imaging conditions.

where it transforms the MS image into the RGB color space
Figure 3. Qualitative analysis of the Spectral Alignment Layer before disparity estimation, enabling geometric alignment
(SAL). The gure compares results without spectral alignment between MS and RGB images in the proposed framework.
offsets SAL w/o i, top row) and with the offsetsS(AL , bottom

row). Columns represent the per-pixel contribution of RGB guid- 2. Analysis on MS Demosaicing Framework
ance, the area of contribution, and the reconstructed MS demo-

saiced output. The results indicate tSL enhances the effec- 2.1. Generalization
tiveness of RGB guidance in reconstructing accurate MS images

The ground-truth MS demosaiced image is shown on the far right. While our method is primarily trained and evaluated on our

large scale dataset—due to the availability of paired RGB-
the RGB CFA is directly applicable to simulate MS images, MS mosaics with high- delity GTs—we also conducted
which are simulated by combining RGB channel responsescross-dataset experiments on the HS dataset [7], which con-
Cign (X; ) with varying SPD4.i () from the illumination tains 60 HS-HS image pairs. Although it lacks raw mosaics,
box (Eg. (1)). The noise variance depends only on the pixelwe simulate MS and RGB mosaics by projecting the de-
intensityl (x), which aggregates the contributions of SPDs mosaiced HS images onto our MSFA and CFA spectral re-
through the image formation process (Egs. (11) and (12) insponse functions. This enables compatibility but introduces
the main paper). While SPDs can indirectly in uende), a domain gap due to differences in sensor characteristics.
the noise model itself is calibrated based on intensity and in-Simulated MS/RGB images can deviate from real sensor
trinsic sensor characteristics, making it agnostic to speci ¢ responses due to limitations in HS data precision, spec-
SPD. As such, the calibrated noise model remains valid fortral response calibration, sensor nonlinearities, and noise
simulated MS images, ensuring consistency in noise syn-characteristics [1]. Despite these challenges, our model
thesis regardless of variations in the illuminant or spectral generalizes well: MCAN + Ours achieves 42.48dB PSNR
composition, as long as the pixel intensities are preserved. (24.03M, 2.66T MACs), outperforming MCAN (39.40dB,
5.24M, 0.91T) and the high-capacity HSIFN (40.27dB,
90.21M, 18.79T), demonstrating the effectiveness of our fu-
To enable cross-spectral alignment in our MS demosaicingsion strategy. Fig. 4 illustrates the qualitative advantages of
framework (Sec. 3.2 of the main paper), our dataset includesour method.
a pre-calibrated MS-to-RGB color conversion matrix. This )
matrix converts the MS image into RGB color space, ensur- 2-2. Effect of Spectral Alignment Layer SAL )
ing spectral compatibility between the MS and RGB images we analyze the effectiveness of the Spectral Alignment
during geometric alignment. The matrix is calibrated using | ayer (SAL) in enhancing MS image demosaicing by
RGB and MS images of the X-Rite Digital-SG color chart, |everaging RGB guidance. Figure 3 illustrates the contri-
which contains 140 color patches. bution of RGB guidance to reconstructing a target MS re-
The calibration process extracts average patch intensi-gion, comparing results with and withoSAL. The top
ties, resulting in two matricesA 2 R'% 1° represent-  row shows results without the spectral alignment offseits
ing the multispectral values, a2 R*° 3, representing  (Eq. (7) in the main paper), while the bottom row includes

1.3. Color Conversion Matrix Calibration

the RGB values. The color conversion mat@x2 R'® 2, the proposedSAL (the last row in the table). The two
which maps 16-channel MS to 3-channel RGB Values, is models provides multi-scale RGB featufégGB to the fu-
computed using least-squares optimization: sion networkF (Eq. (5) in the main paper). The per-pixel
- irkA B K2: 5 contribution and the_are_a of contrlbutlon lndlca_lte t8al
c ar%ml c ®) enables more effective integration of RGB guidance, lead-

The resulting conversion matri is crucial in cross- ing to improved MS demosaicing quality, as re ected in the
spectral disparity estimation (Eq. (3) in the main paper), sharper and more accurate output.
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