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Abstract. Snapshot hyperspectral imaging avoids sequential scanning,
but systems that jointly achieve stable reconstruction, low cost, and
compact optics remain limited. We present a snapshot hyperspectral
imaging system based on angular-to-spectral diversity conversion. A ta-
pered kaleidoscope creates replicated views with distinct incidence di-
rections, and a directly attached birefringent filter converts them into
view-channel-dependent spectral transmittances, yielding complemen-
tary measurements that better condition the inverse problem for more
stable single-shot spectral reconstruction. The system preserves a sim-
ple pixel-wise linear model for fast non-learning-based reconstruction and
uses only off-the-shelf components without relay optics or cascaded mod-
ules. We select the birefringent filter configuration using a condition-
number-based criterion and validate the system on both synthetic and
real data.

Keywords: Snapshot Hyperspectral Imaging - Angular-to-Spectral Di-
versity Conversion - Kaleidoscope - Birefringent Filter

1 Introduction

Hyperspectral imaging (HSI) captures 3D spectral data cubes, providing much
denser spectral information than the human eye or an RGB camera. HSI has
been widely used in computer vision tasks such as object recognition [22], color
consistency [1], and anomaly detection [25]. Conventionally, HSI is acquired by
scanning, sequentially capturing 2D slices and incurring long capture times and
complex systems.

In contrast, snapshot HSI [7,11] reconstructs a spectral data cube from a sin-
gle exposure, avoiding sequential scanning and simplifying acquisition. However,
snapshot HSI systems that simultaneously achieve high reconstruction perfor-
mance, low cost, and compact optics remain limited, which hinders broad adop-
tion. Existing methods often satisfy only a subset of these three requirements.
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Fig. 1: A kaleidoscope produces angularly diverse replicated views, and an attached
BRF converts them into spectral-response diversity for snapshot HSI.

Approaches based on diffractive optical elements (DOEs) [13,24] or custom
filter arrays [5,30] require custom fabrication or permanent hardware modifica-
tion. They can be compact and achieve high reconstruction performance, but
their manufacturing cost is high. By contrast, methods using an RGB camera,
with or without a single additional optical element (e.g., a prism) [2,4,9,20,32],
suffer from weak or spatially localized spectral modulation, which makes the in-
verse problem ill-conditioned. They can be low-cost and compact, but challenges
remain in reconstruction accuracy or computational cost. Spatial-replication
HSI [10, 14, 18] often enables simple and fast reconstruction, but image repli-
cation and spectral modulation are commonly implemented in separate stages,
which increases system size due to relay optics or cascaded components.

To address this gap, we propose a spatial-replication snapshot HSI sys-
tem that converts angular diversity into spectral-response diversity, as illus-
trated in Fig. 1. A tapered kaleidoscope generates multiple replicated views with
distinct incidence directions, and a directly attached birefringent filter (BRF)
translates these directional differences into channel-dependent spectral trans-
mittances. Rather than treating the BRF’s incidence-direction dependence as
an error source, as is commonly done in conventional BRF-based imaging sys-
tems [10, 15,16, 23], we deliberately leverage it as a source of spectral-response
diversity. As a result, the replicated views provide complementary measurements
that better condition the inverse problem for stable single-shot spectral recon-
struction. The proposed design also preserves a simple pixel-wise linear obser-
vation model, enabling fast and stable non-learning-based reconstruction. It re-
mains low-cost by relying on off-the-shelf optical components, and compact by
integrating image replication and spectral modulation into a single attached unit
that eliminates relay optics and cascaded modules.

The main contributions of this paper are as follows:
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® We propose angular-to-spectral diversity conversion for snapshot HSI by us-
ing kaleidoscope multi-view sampling and the incidence-direction dependence
of a BRF, with a condition-number-based BRF selection criterion.

® We present a low-cost (~ $1k) and compact 21 cm off-the-shelf kaleidoscope—
BRF add-on that directly integrates spatial replication and BRF spectral
modulation, eliminating relay stages.

2 Related Work

Snapshot HSI for Low-Cost and Compact Systems. Low-cost and com-
pact snapshot HST has been explored in several forms. RGB-only approaches |2,
20, 32] are attractive for their simplicity, but their spectral responses are of-
ten limited and highly correlated, which can make the inverse problem ill-
conditioned. Adding a single coding element can improve measurement diversity.
However, the resulting spectral cues often remain weak or spatially localized.
Baek et al. [4] combine an RGB camera with a prism, where spectral cues are
sparse and reconstruction is solved iteratively with a reported runtime of about
45 minutes. Zhao et al. [33] use a printer-generated random mask and recon-
struct with a CNN trained on large paired data, with training reportedly taking
about 24 hours on a single GPU. Oh et al. [21] realize HSI using three cam-
eras with different spectral sensitivity profiles, but this requires synchronized
multi-camera capture and increases system size.

Low-Cost Spatial-Replication Snapshot HSI. Spatial-replication snapshot
HSI is closest to our approach. We focus on low-cost designs, rather than higher-
end alternatives [10,19]. Manakov et al. [18] use a kaleidoscope purely as an
image multiplier, then combine a filter array with relay optics so that each
sub-image receives a distinct spectral modulation. A key drawback is that the
relay optics increase the system size. The overall system length is reported to
be approximately 100 cm [18]. Takatani et al. [26] attach color filters directly
onto mirror surfaces to simultaneously realize image replication and spectral
multiplexing without relay optics. However, the filter-on-mirror configuration
can introduce diffuse reflections at the added interfaces, which may lead to blur
in the replicated sub-images. Compared with these systems, our method also uses
spatial replication, but realizes spectral diversity through an attached BRF and
incidence-direction differences, without relay optics or filter-on-mirror designs.
BRF-Based Spectral Imaging. BRFs have been used for spectral imaging by
varying the optical path difference (OPD) over time, for example by using liquid
crystal controlled by an applied voltage [3,8, 34] or by mechanically rotating
polarizers or birefringent elements [23]. Such approaches obtain measurement
diversity through time multiplexing and are therefore scanning HSI methods.
Snapshot HSI with birefringent optics includes cascaded polarization-splitting
designs [10], in which increasing the number of channels generally requires a
deeper cascade, as well as spatially varying OPD in natural materials [9], where
spectral cues can remain localized. Another line of work uses birefringent in-
terferometry [15], which typically relies on specialized optics. In contrast, our
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method obtains channel diversity from incidence-direction differences using a
single attached BRF together with a kaleidoscope.
Oblique-Incidence Effects in BRF. Because BRF transmittance varies with
incidence direction [16,27,31], oblique incidence in imaging is often treated as
a source of spectral non-uniformity. In HSI, pixel-dependent ray angles arise
naturally from the field of view and finite aperture cone, so many analyses as-
sume near-normal incidence or adopt small-angle approximations. Other studies
explicitly model this effect or mitigate it by limiting the incidence cone or com-
pensating wavelength shifts in post-processing [16,17,31]. By contrast, in laser
systems, BRFs are often operated under oblique incidence, where the incidence
angle and optic axis parameters are deliberately chosen to control spectral se-
lection and improve laser performance [6,28,29]. Our method follows this latter
perspective. Rather than suppressing angle dependence, we exploit it as a source
of diverse channel-wise spectral modulations for snapshot HSI.

A broader qualitative comparison with representative snapshot HSI systems
is provided in Supp. Mat. Sec. 2.

3 A Pixel-Wise Linear Measurement Model for HSI

We use a standard pixel-wise linear model for snapshot HSI, assuming that
all measurement channels are registered to the same scene point. Let m €
{1,..., M} index the measurements, and let T,,(\) denote the effective spec-
tral response of channel m. The m-th measurement is modeled as

L, :/Al()\)Tm()\)s()\)d)\, (1)

where [(A) is the illumination spectrum and s(A) is the spectral reflectance.
Discretizing Equation (1) over sampled wavelengths {Ak}ﬁgl gives

i=Hs, (2)

where i € RM is the measurement vector, s € R™V* is the spectral reflectance,
and H € RM*M s the sensing matrix with

Hone = L) Tin(A) A, (3)

Reconstruction is governed by H, and its stability depends on how distinct
the channel-wise spectral responses {7, (A\)}M_, are.

4 Proposed System

Building on the discussion in Sec. 3, this section introduces the proposed system
and explains how it converts angular diversity into spectral-response diversity.
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Fig. 2: Proposed optics: (a) System overview; (b) angular-to-spectral diversity conver-
sion by the off-surface optic axis BRF; (¢) angular geometry in the BRF.

4.1 System Overview

To clarify the core idea behind our method, we begin with an overview of the
optical system shown in Figures 2a and 2b. The system consists of an objective
lens, a diffuser, a BRF, a tapered kaleidoscope, and a camera.

The objective lens forms a 2D image of the scene on the diffuser plane. The
diffuser suppresses parallax induced by scene depth, ensuring that the replicated
images share the same spatial structure across viewpoints [14, 18|. However, the
diffuser’s Bidirectional Transmittance Distribution Function (BTDF) introduces
differences in the spectral intensity distribution. This issue is addressed through
calibration in our method.

A BRF is placed immediately behind the diffuser. The BRF is mounted at
the entrance of the tapered kaleidoscope. The tapered kaleidoscope is a hollow
mirrored tube that replicates the input image into multiple sub-images through
internal reflections [12]. These replicated sub-images are recorded by a single
camera.

4.2 Angular-to-Spectral Diversity Conversion

The central mechanism of the proposed system is angular-to-spectral diversity
conversion. The system first generates diversity in incidence directions across
view channels, and then converts that angular diversity into spectral-modulation
diversity through the incidence-direction-dependent spectral modulation of the
BRF.
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The tapered kaleidoscope produces multiple replicated sub-images, which
we call view channels. Because these channels correspond to different reflec-
tion paths, they also correspond to different incidence directions at the BRF.
Let (ay,0,) denote the incidence direction associated with view channel v €
{1,...,V}, where «, is the incidence angle and o, is the azimuth (Figure 2c).
The taper enlarges the spread of these sampled directions, increasing the angular
diversity across channels.

This angular diversity is then converted into channel-wise spectral-response
diversity by the BRF. A BRF is implemented as a birefringent plate sandwiched
between two linear polarizers. After passing through the first polarizer, the in-
cident light becomes linearly polarized and splits inside the birefringent plate
into ordinary and extraordinary components. These components accumulate an
OPD, denoted by A,_., and the second polarizer projects both components onto
a common polarization axis, resulting in a transmitted intensity that varies with
Ap—e/A. Because A,_. depends on the incidence direction, the BRF spectral
transmittance also changes with («, o). Under the crossed-Nicols configuration
shown in Figure 2c, the BRF spectral transmittance is written as

Aol 0
B(\;a,0,0) o sin? <7T06)(\a’0’)> , (4)
where 6 denotes the optic axis diving angle (the angle between the optic axis
and the surface plane). Therefore, the different incidence directions {(av, o) }Y_;
generated by the kaleidoscope are mapped to different BRF spectral transmit-
tances,

B,(A) = B(A;aw, 04, 0). (5)

The camera further observes each view through one of the RGB sensor sen-
sitivities f¢(X), where ¢ € {R, G, B}. Hence, the effective spectral response as-
sociated with view channel v and color channel ¢ becomes

Tv,c(/\) = fc(>\) Bv(/\) (6)

As a result, the angular diversity produced by the kaleidoscope is converted into
channel-wise spectral-response diversity {{T,c(A) }s— }ce{r,c, B} which provides
the measurement diversity required for stable spectral reconstruction.

Thanks to the diffuser, the view channels retain nearly the same spatial struc-
ture and differ mainly in spectral modulation. This enables snapshot spectral
multiplexing with a simple channel-wise image formation model. The kaleido-
scope produces angular diversity, and the BRF converts it into spectral-response
diversity across channels, yielding complementary measurements that improve
the conditioning of the inverse problem. Because the BRF is mounted directly at
the entrance of the tapered kaleidoscope, this angular-to-spectral conversion is
realized within a compact optical architecture, without relay optics or cascaded
components.
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Fig. 3: Simulated OPD magnitude as a function of incidence direction (o, o). Top: 3D
surface with (z,y) = (acoso, asino). Bottom: polar contour with radial coordinate o
and azimuth o. Parameters: n = 1, n, = 1.54264, n. = 1.55170, L = 5 X 104 m.

4.3 Pixel-Wise Spectral Reconstruction

Using the effective spectral response T}, () defined in Equation (6), the sensing
matrix of the proposed system is given by

Hv,ep e = 1K) f9(Ak) Bo(Ar) AXg. (7)

After inter-channel registration, we reconstruct the spectral reflectance at
each pixel by solving a non-negative least-squares problem with second-order
spectral smoothness:

8(x) = argmin [Hs —i(x)|3 + 8[| Ds|3, (8)

where D is the second-order difference matrix along wavelength, and ( is the
smoothness weight.

Because the proposed system provides sufficient measurement diversity through
diverse channel-wise spectral responses while preserving a simple spatial-replication
image formation model, spectral reconstruction reduces to a lightweight regular-
ized linear inverse problem at each pixel, without learning.

5 BRF Design and Parameter Selection

This section presents a BRF design procedure for the proposed system, using a
conditioning-based criterion to select a suitable off-the-shelf configuration.
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5.1 OPD-Based Model Under Oblique Incidence

In the proposed system, the tapered kaleidoscope determines a discrete set of
incidence directions {(a,,0,)}Y_; at the BRF. For a birefringent plate under
oblique incidence with a diving optic axis, the OPD can be written as follows [27]:

A, = L[ W2 (nsmal 4+ n (n2 — n?)sin O cos f cos o sin
D
- % n2D — (ng — (n2 — n2) cos? f sin* o) (nsin a)z], 9)

2

where D = ng

sin? 0 4 n? cos? 0.

Here, n is the refractive index of the surrounding isotropic medium, n, and n.
are the ordinary and extraordinary refractive indices of the birefringent plate,
and L is the plate thickness.

Combined with Equation (4), Equation (9) determines how the BRF spectral
transmittance varies across the sampled incidence directions. Accordingly, the
BRF design problem is to choose 6 such that the resulting set of channel-wise
transmittances {B,()\)}Y_; provides strong spectral-response diversity.

5.2 Design Implications of OPD Symmetry

A large variation of A,_. over (a, o) is helpful, but it is not sufficient by itself.
What matters is whether the sampled directions {(av,o,)}Y_; map to distinct
OPD values. If multiple view channels yield similar OPDs, their BRF transmit-
tances become similar, the corresponding measurements are redundant, and the
effective spectral responses in H become more correlated.

This issue is particularly important for spatial-replication snapshot HSI,
where the sampled directions are constrained by the kaleidoscope geometry
and often contain structured azimuthal relationships. As an extreme case, when
6 = 90°, Equation (9) becomes independent of o, so the BRF provides no az-
imuthal diversity.

In the conventional on-surface optic axis BRF configuration (§ = 0°), the
OPD is invariant under a 180° azimuthal rotation,

Ao,e(a,o;()) = Aofe(avo' +7T;0)7 (10)

which causes channel pairs under symmetric angular sampling to collapse to
the same OPD. This reduces measurement diversity by making the channel-
wise spectral modulations more similar and can make the inverse problem ill-
conditioned.

By contrast, for an off-surface optic axis BRF (0 < 6 < 90°), the term
proportional to coso sina in Equation (9) breaks the ¢ — o + 7 invariance.
As shown in Figure 3, this removes the half-turn repetition observed in the
on-surface optic axis case and reduces redundancy among the sampled view
channels. A mirror symmetry still remains,

AO_C(OJ,O';G) = Ao—e(a7 _0;9)7 (11)
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but this pairing is typically less harmful than the 0 — ¢ + 7 equivalence under
rotationally structured sampling.

Moreover, Figure 3 shows that off-surface optic axis settings also increase the
spread of |A,_.| over («, o) compared with the on-surface optic axis case. This
broader OPD distribution strengthens the differences among the channel-wise
BRF transmittances in Equation (4). Together, these observations motivate the
use of an off-surface optic axis BRF in the proposed system.

5.3 Design Criterion: Conditioning of the Sensing Matrix

The remaining question is which off-surface optic axis configuration best im-
proves spectral reconstruction. Because the effective spectral responses are en-
coded in the sensing matrix H in Equation (7), we evaluate BRF designs through
the conditioning of H.

Specifically, we use the condition number

_ Omax(H)

K ) 1

where opax and oy are the largest and smallest singular values of H, respec-
tively. When o,i, is small, H becomes nearly rank-deficient, the inverse problem
becomes unstable, and stronger regularization is required. Therefore, a smaller
x(H) indicates that the channel-wise spectral modulations are more complemen-
tary and that reconstruction is more stable.

In our setting, the incidence-direction samples {(a,,c,)}Y_; are determined
by the tapered-kaleidoscope geometry, while /(A) and the camera sensitivities
f¢(X) are obtained by calibration. Hence, once the sampled directions are fixed,
we can precompute H for each candidate BRF configuration and use x(H) as
a practical design metric. This gives a direct parameter-selection procedure:
determine the angular samples produced by the kaleidoscope, evaluate candidate
BRF settings through x(H), and choose the configuration that yields the best
conditioning. We next apply this procedure to the physical parameter choices
used in our prototype.

An experimental validation of the OPD distribution using measured trans-
mittance profiles is provided in Supp. Mat. Sec. 4.

5.4 Applying the Criterion to Physical Parameter Selection

We first fix the tapered-kaleidoscope geometry, which defines the discrete incidence-
direction samples at the BRF, and then select the BRF configuration that best
conditions the sensing matrix under those samples.
Tapered kaleidoscope. We use a tapered kaleidoscope to obtain a diverse set
of incidence directions at the BRF. Following [12], we adopt a 3-sided design
and set the taper angle to 9°, which reduces view-channel fragmentation on the
sensor while maintaining sharp and stable multi-reflection views.

Because tapering makes the replicated virtual images behave as samples on
a virtual viewing sphere, different reflection orders can have different apparent
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Fig. 4: Optic axis selection using conditioning.

distances. To keep all view channels simultaneously in focus without requiring
an excessively small aperture, we use the V' = 10 view channels produced by
reflection orders up to two. Given this kaleidoscope geometry, we compute the
sampled incidence directions {(a,,0,)}Y_; by ray tracing, and we also scan the
in-plane mounting rotation b, which shifts the azimuths as o, + o, + b. These
discrete angular samples are then used in the conditioning-based BRF selection
below.

BREF. Given the sampled incidence directions {(c,, 0,)}Y_; obtained above, we
select the BRF by minimizing the condition number introduced in Section 5.3.
For each candidate optic axis diving angle 6, we scan the in-plane mounting
rotation b and evaluate the resulting x(H). Figure 4a summarizes the results.

We use a synthetic quartz plate as the birefringent plate in the BRF. Syn-
thetic quartz is widely used in frequency-control resonators and is commercially
available in standard cuts with known optic axis angles. This makes it a practical
low-cost choice that is consistent with our off-the-shelf design goal. We therefore
sweep these cut-defined candidates and select the one that best conditions H.
Among these candidates, an ST-cut synthetic quartz plate (0 = 47.25°) yields
the best conditioning. We thus use an ST-cut synthetic quartz plate (MTI Cor-
poration, 10mm x 10mm X 0.5mm) and assemble a BRF in a crossed-Nicols
configuration using two linear film polarizers.

For the in-plane mounting rotation b, the condition number is exceptionally
large at b = 0° (1.66 x 1019), indicating that H is effectively rank-deficient. This
is consistent with the residual symmetry of the off-surface optic axis OPD map
(Fig. 4b). At this rotation, multiple sampled incidence directions fall onto nearly
identical OPD values, which reduces spectral-modulation diversity. We therefore
avoid b = 0° and assemble the system at b = 20°.
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6 Implementation Details

6.1 Other Hardware Setup

Diffuser. We use a wide-angle holographic diffuser (Edmund Optics, 80° Dif-
fusing Angle, 2 inch square) to support the wide range of incidence angles in our
multi-view observation. Its transmission drops to about 50% at an incidence
angle of 40°. Given our maximum incidence angle of 34.86°, this angular roll-off
can reduce the optical throughput of high-reflection view channels.

Other physical dimensions. The prototype is a 21 cm add-on unit (approx.
40 cm including the camera) built with 35 mm objective lens (Edmund Optics,
C-mount) and a camera (Sony a7R IV) with a zoom lens (TAMRON, at the
telephoto end: 40 mm). The camera is placed approximately 30cm from the
BRF, constrained by the lens minimum focus distance.

Add-on component parts cost. The approximate costs of the add-on compo-
nents are: polarizers ~$8, mirrors ~$20 total (custom-cut front-surface mirrors
readily ordered from a consumer-facing retailer), synthetic quartz $33.35, diffuser
$273, and objective lens $635. Overall, the deployed add-on hardware remains
within $1k, excluding the camera body, imaging lens, and calibration equipment
such as a monochromator.

6.2 Preprocessing

To construct the sensing matrix H in Equation (7), we pre-estimate (i) the
view-channel-wise BRF transmittance B, ()), (ii) the product of the illumina-
tion spectrum and camera RGB spectral sensitivity, ¢°(\) = I(A\)f()), and
wavelength-independent throughput factors g,,.

(i) Measuring B, (). We measure B, () using monochromator-based narrow-
band illumination and estimate the channel-wise transmittance profiles from the
captured images. This calibration absorbs the diffuser BTDF into the estimated
B,(A\). To account for slight within-channel variation, we use pixel-wise cali-
brated transmittance profiles when constructing the per-pixel sensing matrix.
(ii) Estimating ¢°()\) and throughput factors g,. Assuming a spectrally
flat reflectance for a white reference target, the observation of view channel v
and color channel ¢ under the white target can be written as

ISy ~ g /A 6°(N) By(A) dA, (13)

where g, accounts for channel-wise throughput differences. We discretize Equa-
tion (13) and estimate ¢°(\) and g, jointly via regularized least squares. We
then apply channel-wise gain correction and construct H from the calibrated
quantities according to Equation (7).

Inter-channel registration. We align view channels using a calibration tar-
get and estimate inter-channel homographies, including mirror-induced parity
flips. The estimated registration parameters, H, and g, are fixed in subsequent
reconstruction.

Full calibration details are provided in Supp. Mat. Sec. 1.
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Fig. 5: Synthetic ColorChecker comparison with low-cost snapshot baselines.

7 Experiments

7.1 Experiments on Synthetic Data

Experimental Setup. We evaluate our system against two low-cost snapshot
baselines, 3Camera [21] and Faced Reflectors [26], focusing on the measurement
diversity induced by our channel-wise spectral-response diversity. To isolate the
effect of the optics, we reconstruct spectra for all methods using the same non-
negative, smoothness-regularized least-squares formulation in Equation (8). We
generate synthetic observations from the 24 ColorChecker reflectance spectra
using each method’s image formulation model, and add i.i.d. Gaussian noise
after exposure matching such that the maximum DN is approximately 255. The
measured transmittance profiles used in our method are shown in Figure 5b. For
each noise level, we sweep the smoothness weight 8 and report the best PSNR
over f3, as shown in Figure 5a.
See Supp. Mat. Sec. 3 for details.

Result Analysis. Our method achieves higher PSNR than the baselines in the
low-noise regime, suggesting that the proposed system provides richer spectral-
response diversity across channels and hence greater measurement diversity for
the inverse problem. As noise increases, the PSNR gap narrows and can slightly
reverse in the high-noise regime. This behavior may be explained by non-uniform
optical throughput across view channels. Because our channels differ not only in
spectral transmittance but also in overall optical throughput, the resulting SNR
is imbalanced; when noise dominates, low-throughput channels contribute less
as effective measurements, diminishing the benefit of additional channels. This
throughput imbalance is amplified by angle-dependent diffuser emission and by
the polarizer loss in the BRF.

7.2 Experiments on Real Data

ColorChecker Validation. We calibrate the illumination spectrum and cam-
era RGB sensitivities using a gray balance target, and reconstruct spectral re-
flectance of an X-Rite ColorChecker Passport Photo 2 from the 10 view channels
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Fig. 6: ColorChecker reflectance reconstruction: (a) capture crop; (b) RGB rendering;
red dots mark the patch sampling locations; (¢) PSNR vs. smoothness weight 3; (d)
reconstructed and reference spectra.

in Figure 6a. We illuminate the scene with an incandescent lamp. We reconstruct
25 bands over 430nm to 670nm at 10nm intervals. We used conservative set-
tings (ISO 125, F/8, 8s) for robust focus and SNR across view channels. Since
the recovered reflectance is defined up to a global scale, we fit a single scalar
using all 24 patches by least squares against the reference spectra and apply
it to all reconstructions. We determine a single smoothness weight 8 from the
ColorChecker experiment (Figure 6¢) and keep it fixed for the real-scene and
USAF-target reconstructions. At this g8, Figures 6b and 6d show the RGB ren-
dering and reconstructed spectra. The RGB rendering is obtained by projecting
the reconstructed reflectance cube onto the calibrated camera RGB sensitivities
fe(\), c € {R, G, B}. Each rendered channel is normalized by the 95th percentile
of valid pixels, and no display gamma correction is applied. The PSNR computed
over all 24 patches and all wavelengths is 27.4dB, confirming that our system
enables reasonably accurate spectral reconstruction.

Runtime. We measure per-frame reconstruction time for 25-band reflectance on
226 x 155 pixels, averaged over five RAW frames, on a workstation with an
NVIDIA Quadro RTX 8000 GPU. The total runtime is 0.748 s/frame, of which
solving Equation (8) takes 0.044 s/frame (=5.9 %), while most time is spent on
RAW loading and forming the observation vector i. A one-time preprocessing
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Fig. 7: Real-scene 25-band reconstruction. Colored outlines indicate registered view-
channel regions; the white dashed box is used for the valid-area ratio.

step for illumination and camera-sensitivity calibration takes ~26 s and is reused
as long as the configuration is unchanged.

Real-Scene Validation. To evaluate the prototype beyond flat ColorChecker
patches, we captured a real scene containing a leaf, a flower, and printed ma-
terials under daylight-level artificial solar illumination (SERIC SOLAX XC-
100). The scene was captured using the same prototype with a 0.25s expesure;
ISO-200;-and-E/8: We reconstructed 25 bands over 430 nm to 670 nm using the
same calibration, inter-channel registration, reconstruction pipeline, and the 3
selected in the ColorChecker validation. As shown in Figure 7, the reconstructed
spectral bands and point spectra exhibit material-dependent spectral variations
across the scene. Since the commercial scanning-HSI reference was captured from
a different viewpoint, it is not pixel-aligned with our reconstruction and is used
only to compare spectral trends at the marked points. Residual errors remain
near object boundaries and printed-text edges, indicating the practical limits of
registration accuracy and diffuser-based parallax suppression.

Spatial Resolution. To quantify the spatial-resolution trade-off of the 10-
view configuration, we evaluated a USAF target. Full details are provided in
Supp. Mat. Sec. 5. Most reconstructed HSI bands show resolvable structures
at 0.891p/mm to 1.001lp/mm, compared with 1.121p/mm for an RGB capture
without the kaleidoscope/diffuser under the same objective lens, camera, and
image-plane scale. Thus, the limiting resolution is within one to two USAF
group/element steps of the RGB capture without the kaleidoscope/diffuser. The
main spatial cost of the current prototype is instead the reduced valid recon-
struction area caused by 10-view replication and the non-optimized camera—
kaleidoscope field-of-view matching. The valid region contains approximately
3.24 x 10° pixels, or 4.5 % of the dashed box enclosing the view-channel regions
in Figure 7.

7.3 Ablation Study

We ablate the design factors that determine measurement diversity under the
same synthetic protocol as in Section 7.1. The goal is to test whether reconstruc-
tion accuracy follows the conditioning-based design analysis in Section 5.
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Fig. 8: Synthetic ColorChecker ablation study.

Effect of the Number of View Channels. We vary the number of used
view channels from V' = 10 down to 1. PSNR decreases monotonically as V'
decreases (Figure 8a), showing that the view channels provide non-redundant
spectral constraints for reconstruction.

Effect of BRF Angle Configuration. We vary the optic axis angle 6 and the
mounting rotation b, and evaluate PSNR with the same reconstructor. As shown
in Figure 8b, on-surface optic axis or poorly aligned settings are consistently
worse than the selected off-surface optic axis setting, indicating that the BRF
angle configuration directly affects usable spectral diversity.

Relationship Between Conditioning and PSNR. Figure 8c shows that
PSNR follows the trend of x(H) across (6, b), supporting condition-number min-
imization as a practical design rule.

8 Conclusion

We presented a compact, low-cost spatial-replication snapshot HSI system that
uses a directly attached tapered kaleidoscope-BRF unit to convert kaleidoscope-
induced angular diversity into BRF-based spectral-response diversity. The pro-
posed design preserves a pixel-wise linear measurement model, enables fast non-
learning-based spectral reconstruction, and selects the BRF configuration using a
condition-number-based criterion. Experiments on synthetic data, ColorChecker
validation, and real-scene reconstruction with an off-the-shelf prototype validate
stable and reasonably accurate 25-band reconstruction in a compact add-on form
factor.

Limitations. The prototype exhibits channel-dependent throughput due to dif-
fuser angular roll-off, which reduces the effective contribution of some view chan-
nels in noise-dominated regimes and leads to long exposure under conservative
ColorChecker settings. Its effective spatial resolution is limited by dividing the
sensor area among replicated views. The current implementation also requires
one-time monochromator-based calibration outside the add-on component cost;
reducing this burden through model-assisted calibration is future work.
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