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Figure 1. We introduce a spectrally multiplexed Dense Dispersed Structured Light (DDSL), accurate hyperspectral 3D imaging method for
dynamic scenes. (a) Capture configuration, (b) estimated hyperspectral image in sRGB and depth image for dynamic scenes, (c) estimated
hyperspectral image, (d) comparison with spectroradiometer measurements.

Abstract

Hyperspectral 3D imaging captures both depth maps and
hyperspectral images, enabling comprehensive geometric
and material analysis. Recent methods achieve high spec-
tral and depth accuracy; however, they require long acqui-
sition times—often over several minutes—or rely on large,
expensive systems, restricting their use to static scenes.
We present Dense Dispersed Structured Light (DDSL), an
accurate hyperspectral 3D imaging method for dynamic
scenes that utilizes stereo RGB cameras and an RGB pro-
jector equipped with an affordable diffraction grating film.
We design spectrally multiplexed DDSL patterns that sig-
nificantly reduce the number of required projector patterns,
thereby accelerating acquisition speed. Additionally, we
formulate an image formation model and a reconstruction
method to estimate a hyperspectral image and depth map
from captured stereo images. As the first practical and
accurate hyperspectral 3D imaging method for dynamic
scenes, we experimentally demonstrate that DDSL achieves
a spectral resolution of 15.5 nm full width at half maximum
(FWHM), 4 mm depth error, and 6.6 fps.

1. Introduction

Hyperspectral imaging captures a scene across multiple
spectral channels beyond the three-channel RGB imag-
ing, thereby providing both spectral and spatial informa-
tion about the scene. Expanding on this, hyperspectral 3D
imaging has recently received interest, as it captures both
spectral and geometric information in the form of a depth
map and a hyperspectral image. It has proven useful in sci-
entific analysis of real-world materials, with applications
in object classification [15], food ripeness detection [20],
cultural heritage analysis, and geology [12]. Recently, dis-
persed structured light has been proposed as a cost-effective
and compact solution for accurate hyperspectral 3D imag-
ing [19]. However, its applicability remains limited to static
scenes due to the need for projecting hundreds of patterns,
resulting in acquisition times of several minutes.

Increasing the acquisition speed of hyperspectral 3D
imaging could make it feasible to analyze the geometric
and material properties of objects and scenes in motion.
Existing methods rely on expensive, bulky systems, such
as coded-aperture snapshot spectral imagers (CASSI) [24]
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Figure 2. Imaging System. (a) Our active stereo system comprises RGB stereo cameras and a RGB projector equipped with a diffraction
grating. (b) The diffraction grating introduces dispersion to the projector light. (c) Spectral sensitivity and emission functions of the camera
and the projector. (d) Diffraction grating efficiency.

paired with stereo cameras or time-of-flight setups [10, 17,
25–27]. While compact, practical PSF-based systems ex-
ist [4, 18], they significantly compromise either depth or
spectral accuracy.

In this paper, we propose DDSL, an accurate hyperspec-
tral 3D imaging method for dynamic scenes, using a com-
pact and affordable system. Figure 1 shows the capture
configuration using our prototype, which consists of stereo
RGB cameras and an RGB projector equipped with an af-
fordable diffraction-grating film that generates structured-
light projections with wavelength-dependent dispersion.

We design DDSL patterns for the projector that produce
spectrally multiplexed light projections, allowing us to use
fewer than ten projections, enabling rapid image acquisition
for dynamic scenes. We analyze the stereo images captured
under these repeating DDSL patterns by developing an im-
age formation model and a reconstruction method for depth
maps and hyperspectral images.

DDSL enables accurate depth and spectral estimation
even for high-frequency spectral variations, where exist-
ing affordable methods fall short. We demonstrate that
DDSL achieves a depth error of 4 mm, a spectral FWHM
of 15.5 nm in the visible spectrum, and acquisition speed
of 6.6 FPS. Our dynamic imaging is achieved through soft-
ware synchronization between the cameras and the projec-
tor. The use of a compact and affordable active-stereo setup
enhanced with a diffraction grating film makes DDSL a
promising approach for practical and accurate hyperspec-
tral 3D imaging of dynamic scenes.

We summarize our contributions as follows:
• We introduce Dense Dispersed Structured Light (DDSL),

which enables high-quality hyperspectral 3D imaging for
dynamic scenes using an affordable active-stereo setup
composed of RGB stereo cameras and an RGB projector
augmented with a diffraction grating film.

• We design DDSL patterns and develop an image forma-
tion model and hyperspectral 3D reconstruction method
for dynamic scenes, obtaining a depth map and a hyper-
spectral images from stereo RGB images.

• We demonstrate that DDSL outperforms state-of-the-art
affordable hyperspectral 3D imaging methods in acquisi-

tion speed with high reconstruction accuracy, achieving a
depth error of 4 mm, a spectral FWHM of 15.5 nm, and a
frame rate of 6.6 FPS.

2. Related Work
Hyperspectral 3D Imaging Various hyperspectral 3D
imaging systems have been developed. Kim et al. [12]
combined a laser scanner with a CASSI system for accu-
rate hyperspectral 3D imaging, while Li et al. [13] em-
ployed a practical projector-camera setup, though at the cost
of reduced spectral accuracy. Shin et al. [19] introduced
a compact projector-camera system using dispersed struc-
tured light with a diffraction grating. However, these previ-
ous approaches are generally limited to static scenes due to
their long acquisition times, often lasting several minutes.
For dynamic scenes, a common approach is to use depth
video cameras in conjunction with hyperspectral video cam-
eras. However, hyperspectral video cameras tend to be large
and expensive [1, 2, 6, 10, 17, 23, 25, 26]. While solu-
tions using point spread function (PSF) engineering offer
single-shot hyperspectral 3D imaging in a compact setup
through custom micro- or nano-optical elements, they gen-
erally have limited spectral and depth accuracy [4, 18]. Our
method achieves accurate hyperspectral 3D imaging for dy-
namic scenes using a practical setup: stereo RGB cameras
and an RGB projector with a diffraction grating film.

Active Stereo Active stereo employs a stereo camera and
an illumination module projecting structured-light patterns
for robust 3D imaging [3, 5, 11, 16, 29]. Heist et al. [10] re-
purposed an active stereo system with a high-speed projec-
tor and hyperspectral video cameras for hyperspectral 3D
imaging of dynamic scenes. However, the use of hyper-
spectral video cameras significantly increases instrumenta-
tion costs. We leverage a diffraction grating film in front
of an RGB projector with RGB stereo cameras, eliminating
the need for hyperspectral cameras and enabling practical,
accurate hyperspectral 3D imaging for dynamic scenes.

Dispersive Optics Dispersive optics, including prisms
and diffraction gratings, are widely used in hyperspectral



imaging. CASSI systems utilize relay lenses with dispersive
elements and coded masks for precise spectral reconstruc-
tion. Cao et al. [6] minimized system size by using a prism
and coded mask without relay lenses. Recently, diffractive
optical elements have been employed to create spectrally
varying point spread functions [4, 18]. Shin et al. [19] in-
tegrated a diffraction grating film into a projector-camera
system, though it required hundreds of projected patterns,
resulting in long capture times. Our method achieves rapid
acquisition at 6.6 fps with high spectral and depth accuracy,
through our active stereo setup, DDSL patterns, image for-
mation model, and reconstruction method.

3. Imaging System
We introduce a practical and affordable active stereo sys-
tem. We use stereo RGB cameras (FLIR GS3-U3-32S4C-
C) and an RGB projector (Epson CO-FH02) equipped with
diffraction grating film (Edmund 54-509) placed in front
of the projector (see Figure 2(a)). The diffraction grating
film, which costs less than 20 USD, disperses the broad-
band projector light according to the light wavelength λ as
shown Figure 2(b). Each dispersed light ray of a specific
wavelength λ then propagates to a scene, creating spatially-
distributed narrow-band spectral illumination. The stereo
cameras capture the scene illuminated by the dispersed
light. We set the camera fields of view to capture first-order
diffracted light [9]. For color channel c ∈ {R,G,B} and
wavelength λ, we calibrate and refine the projector spec-
tral emission Ωproj

c,λ , camera spectral sensitivity Ωcam
c,λ , and

diffraction-grating efficiency ηλ (Figures 2(c) and (d)).

4. Image Formation
We develop an image formation model for the active stereo
system given a pattern image P that we set to the projector.

Projector Light Given the projector pattern P (q, c)
where q is a projector pixel and c ∈ {R,G,B} is a color
channel, we model the light intensity L(q, λ) emitted from
the pixel q at wavelength λ as

L(q, λ) =
∑
c

Ωproj
c,λ P (q, c). (1)

Dispersed Light Projection Model The light ray of
wavelength λ emitted by the projector pixel q is diffracted
by the diffraction grating and propagates to a scene. We
model such dispersed projection in a backward manner as
shown Figure 3(a). That is, from a scene point p and given
wavelength λ, we model its corresponding projector pixel
qλ that emits the ray:

qλ = ψ (p, λ) . (2)
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Figure 3. Image Formation. (a) Light transport of the dispersed
light projection of the mapping function ψ. (b) Sub-pixel accurate
sample collection for data-driven backward modeling. Calibrated
backward mapping model that relates pixel point to projector hor-
izontal position (c) for depth given a specific wavelength and (d)
for wavelength given a fixed depth value.

To construct the backward model ψ, we use a data-
driven approach. First, we acquire the samples
qλ ∈ Sq, λ ∈ Sλ,p ∈ Sp by capturing Spectralon images
under column-wise scan-line patterns per each narrow-band
spectrum λ using spectral bandpass filters as shown in Fig-
ure 3(b). Using the scan-line patterns and sub-pixel accu-
rate Gaussian fitting, we obtain the scene point p via tri-
angulation, and its projector pixel qλ can be obtained for
the horizontal coordinate. Note that we model the horizon-
tal coordinate only as dispersion occurs in the horizontal
direction. Second, we apply non-linear interpolation using
a power function along the depth coordinate of the scene
point p′

z ∈ Sp, where p′
z denotes the z-coordinate of
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Figure 4. DDSL Pattern Design. (a) Three parameters of DDSL patterns. We visualize the issues raised from large or small values for
each parameter (b) line offset, (c) line shift, (d) line width. Refer to the text for details. (e) We project DDSL patterns and a single black
pattern, and the captured images under such patterns are spectrally multiplexed. (f) Illuminated wavelengths for DDSL and black patterns
onto the scene point.

a scene point p′, and then linearly interpolate wavelength
samples λ′ ∈ Sλ and spatial samples p′ ∈ Sp. As a result,
we obtain the mapping function ψ with a sub-pixel reprojec-
tion error of 0.66 pixel. More details of the sample acqui-
sition and interpolation can be found in the Supplemental
Document.

Stereo Imaging The camera k ∈ {left, right} captures the
scene point p at a camera pixel pk through perspective pro-
jection:

p = zkE
−1
k K−1

k ṗk, (3)

where zk is the depth, Ek is the extrinsic matrix, Kk is
the intrinsic matrix, and ṗk is the homogeneous coordinate
of pixel pk. The captured intensity Ik(pk, c) for the color
channel c is modeled as

Ik(pk, c) =
∑
λ∈Λ

Ωcam
c,λHk(pk, λ)

ηλ
d(p)2

L(qλ, λ), (4)

where Hk(pk, λ) is the hyperspectral image and d(p) is
the distance between the scene point p and the projec-
tor. The model integrates over wavelengths λ ∈ Λ, effec-
tively ranging from 440 nm to 660 nm at 10 nm intervals:
Λ = {λ1 = 440nm, · · · , λN = 660nm}, where N = 23
is the number of spectral bands.

5. Dense Dispersed Structured Light
We design DDSL patterns {Pi}Mi=1 that enable hyperspec-
tral 3D imaging for dynamic scenes on our active stereo

setup. Each DDSL pattern Pi is composed of multiple ver-
tical lines, defined as:

Pi(q,∀) =

{
1 if mod(|qx − i× lshift|, loffset) ≤ lwidth

2 ,

0 else,
(5)

where qx is the column index of a projector pixel q, lshift
is the line shift between neighboring patterns Pi and Pi+1,
loffset is the line offset between neighboring lines in a pat-
tern, lwidth is the line width, and mod(x, y) = x%y is the
modulo operator.

We project M DDSL patterns {P1, . . . , PM} and one
black pattern PB repeatedly, capturing corresponding stereo
images I1k , . . . , I

M
k , IBk for k ∈ {left, right}. The black pat-

tern PB is used to compensate for the non-zero projector in-
tensity for the zero-valued pattern and to enable robust mo-
tion compensation which we detail in Section 6. The DDSL
patterns create dispersion for each vertical white line, and
the dispersed patterns can overlap depending on the settings
for three parameters: line offset loffset, line width lwidth, and
line shift lshift. Figure 4(a) and (e) shows the DDSL pat-
terns and captured images with our chosen parameters loffset,
lwidth, and lshift. Below, we discuss our design choices for
these parameters.

Line Offset The line offset loffset defines the spacing be-
tween vertical lines in pattern Pi. A small loffset increases
overlap between dispersed patterns, resulting in more spec-
trally multiplexed illumination (Figure 4(b)). This reduces
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Figure 5. Black Optical Flow. We warp adjacent frame image to a target frame using naive optical flow under DDSL patterns and our
black optical flow method to show the effectiveness of our method. We estimate optical flows using pretrained RAFT network [22] for
both methods. Note that the target frame and adjacent frames are captured under different DDSL patterns. Therefore, the evaluation should
primarily focus on geometric alignment rather than color consistency. (a) Warped images based on naive optical flow and black optical
flow. (b) Visualization of the interpolated optical flows using the black optical flow.

the number of patterns M , though it may decrease spec-
tral accuracy due to blurred illumination. A larger loffset re-
duces multiplexing, improving spectral accuracy at the cost
of more patterns. We set loffset = 40 px to multiplex three
spectral bands aligned with the camera RGB channels, bal-
ancing spectral accuracy and pattern count.

Line Shift The line shift lshift specifies the shift between
lines in neighboring patterns Pi and Pi+1. A small lshift
densely samples the spectral axis, increasing potential spec-
tral channels but requiring more patterns M (Figure 4(c)).
To achieve spectral channels from 440 nm to 660 nm at
10 nm intervals, we set lshift = 5 px, providing a 10 nm spec-
tral step size while minimizing the number of patterns.

Line Width A larger line width lwidth increases spectral
overlapping across RGB channels, smoothing the illumi-
nation spectrum and potentially lowering spectral accuracy
(Figure 4(d)). A very narrow lwidth results in low illumina-
tion power, introducing noise in captured images. We set
lwidth = 5 pixels to optimize illumination intensity without
sacrificing spectral accuracy.

Summary We use eight DDSL patterns (M = 8) with
lshift = 5, lwidth = 5, and loffset = 40, enabling accu-
rate hyperspectral 3D reconstruction in our experimental

setup. Figure 4(f) shows the spectral power distribution of
the DDSL-pattern illumination projected onto a scene point
p. For each i-th DDSL pattern, we have three peaks over the
RGB spectrum. Using only M = 8 DDSL patterns, we can
densely sample wavelengths with 10 nm step, allowing for
accurate hyperspectral 3D imaging, contrast to using hun-
dreds of pattern images as in the previous work [19].

6. Hyperspectral 3D Reconstruction
Given the captured stereo images I1k , . . . , I

M
k , IBk for DDSL

patterns P1, . . . , PM and one black pattern PB , we recon-
struct a hyperspectral image Hk and a depth map zk.

Depth Estimation We estimate depth from stereo images
Iileft and Iiright for each frame i. The captured stereo images
are rectified, and disparity is estimated using the pretrained
RAFT-Stereo network [14]. Depth is then computed from
disparity using calibrated camera parameters, followed by
un-rectification.

Black Optical Flow Dynamic objects move while cap-
turing the images I1k , . . . , I

M
k , IBk under the varying pro-

jector patterns P1, . . . , PM , PB , which needs compensation
for robust hyperspectral image reconstruction. One straight-
forward approach is to estimate optical flow∇pM/2→i

k from



Figure 6. Spectral Accuracy. Color checker evaluation. (a) Reconstructed hyperspecral image of color checker in sRGB, (b) point cloud
of color checker, (c) hyperspectral intensity of color checker. High-frequency spectral data evaluation comparing other methods with Shin
et al. [19] and Li et al. [13]. (d) 10 nm-FWHM spectral band pass filters and acquisition time for the three methods, (e) reconstructed
hyperspectral intensity.

the center frame M/2 to each frame i:

pik = p
M/2
k +∇pM/2→i

k . (6)

However, this approach is challenging due to the incon-
sistent illumination at corresponding pixels since each im-
age {Iik}Mi=1 is illuminated by a different DDSL pattern
{Pi}Mi=1. Figure 5(a) depicts how naive optical flow be-
tween adjacent DDSL patterns fails to accurately capture
the motion. Instead, we estimate the black optical flow,
which is the flow between successive black-pattern images
IBk , avoiding illumination inconsistency. We then interpo-
late the black optical flow to obtain the target optical flow
∇pM/2→i

k , enabling robust optical-flow estimation, as illus-
trated in Figure 5. Using the estimated flow, we align the
images I1k , . . . , I

M
k captured under the DDSL patterns to

the center frame IM/2
k .

Multi-pattern Image Formation Using the aligned im-
ages I1k , . . . , I

M
k captured under M DDSL patterns, we re-

formulate the image formation model from Section 4. For
the i-th DDSL pattern, the aligned image Iik is modeled as:

Iik(p
i
k, c) =

∑
λ∈Λ

Ωcam
c,λ Hk(p

i
k, λ)

ηλ
d(pi

k)
2
Li(qiλ, λ), (7)

where pi
k is the corresponding scene point at frame i, and

qiλ is the corresponding projector pixel obtained using the
backward model ψ: qiλ = ψ

(
pi
k, λ

)
.

We then subtract the black pattern captured image IBk
from all the captured images {Iik(pik, c)}Mi=1 to remove the

undesired residual light intensity for the black pattern:

Iik(p
i
k, c)← Iik(p

i
k, c)− IBk (pBk , c) (8)

We rewrite the image formation as a matrix-vector mul-
tiplication:

Ik = LHk, (9)

where Ik is the intensity vector of captured image under
M DDSL patterns, L is the system matrix, and Hk is the
hyperspectral image:

Ik =[I1k(p
1
k, R), . . . , I

M
k (pMk , R),

I1k(p
1
k, G), . . . , I

M
k (pMk , G),

I1k(p
1
k, B), . . . , IMk (pMk , B)]⊺ ∈ R3M×1, (10)

L =
[
LR;LG;LB

]⊺ ∈ R3M×N , (11)

Lc(i, j) =Ωcam
c,λj

ηλj

(
Li ∗G

) (
qiλj

, λj

)
, (12)

Hk =[H(p
M/2
k , λ1), . . . ,H(p

M/2
k , λN )]⊺ ∈ RN×1,

(13)

where i = 1, . . . ,M , j = 1, . . . , N , and G is a Gaussian
blur kernel accounting for the imaging system’s blur; details
can be found in the Supplemental Document.

Hyperspectral Reconstruction We reconstruct per-pixel
hyperspectral reflectance Hk by solving the following:

argmin
Hk

∥LHk − Ik∥22︸ ︷︷ ︸
Data term

+ κλ∥∇λHk∥22︸ ︷︷ ︸
Spectral smoothness

+

κxy (∥∇xHk∥1 + ∥∇yHk∥1)︸ ︷︷ ︸
Spatial regularization

, (14)



Figure 7. Depth Validation. (a) Stair case depth reconstructed
results. (b) Absolute depth evaluation. (c) Consistency between
depth reconstructed results between different DDSL patterns for
the stair position index of 3.

where ∇λ, ∇x, and ∇y are gradient operators along the
spectral and spatial axes, respectively. The first term cor-
responds to the data term, penalizing reconstruction error,
while the second and third terms enforce spectral smooth-
ness and spatial total variation. The coefficients κλ = 3
and κxy = 0.05 are balancing weights. We solve the per-
pixel optimization problem using ADAM [7]. Optimization
details are provided in the Supplemental Document.

7. Calibration

We perform a one-time calibration of the projector, camera,
and diffraction grating. We obtain the geometric parameters
of the stereo cameras and the projector using checkerboard
methods [21, 30] without attaching the diffraction grating
film. To measure the diffraction efficiency ηλ of the diffrac-
tion grating, shown in Figure 2(d), we filter the dispersed
light using spectral bandpass filters with a 10 nm bandwidth,
covering wavelengths from 440 nm to 660 nm, and capture
the intensity reflected from a Spectralon target. We cali-
brate the camera response function Ωcam

c,λ also using spectral
bandpass filters under LED light, and measure the projec-
tor spectral emission function Ωproj

c,λ by projecting RGB dots
onto a Spectralon target and capturing the reflected radiance
with a spectroradiometer (JETI Specbos 1211). To enhance
reconstruction accuracy, we further optimize the radiomet-
ric parameters for both the projector and camera; detailed
methods are provided in the Supplemental Document.

Figure 8. Fake and Real Oranges. We compare real and artificial
fruit(orange), showing the differences in their hyperspectral image
curves and corresponding images. (a) Reconstructed hyperspectral
image in sRGB, (b) depth (c) spectral graph and (d) hyperspectral
images of metameric samples.

8. Results

Spectral Accuracy Figure 6 (a), (b) and (c) shows the
reconstructed hyperspectral image in sRGB, depth, and hy-
perspectral curves of a ColorChecker chart, demonstrating
accurate reconstruction. To measure spectral FWHM of
our system, we capture nine narrow-band spectral filters as
shown in Figure 6(d). The FWHM of those bandpass fil-
ters is 10 nm. Figure 6(e) shows that our method achieves
a FWHM of 15.5 nm compared to the ground-truth hyper-
spectral data of the filters, outperforming state-of-the-art af-
fordable hyperspectral 3D imaging methods by Li et al. [13]
and Shin et al. [19]. Li et al.[13] shows a FWHM of 40 nm
due to the use of broadband RGB illumination of a con-
ventional projector. Shin et al.[19] attains 18 nm FWHM.
Moreover, its acquisition time for a scene is 10 minutes
whereas our method only requires 0.15 seconds, represent-
ing ×4000 speed increase, thus enabling hyperspectral 3D
imaging for dynamic scenes.

Depth Accuracy We evaluate the accuracy of depth esti-
mation. Ground-truth depth is obtained using the binary-
coded structured light method [8]. Figure 7(a) evaluates
the absolute depth error by capturing a 3D-printed stair ob-
ject. We achieve an average depth error of 4 mm in the area
of each step compared to the ground truth, with a maxi-
mum error of 8 mm. Figure 7(b) shows the difference be-



Figure 9. Dynamic Scene. We show the reconstructed depth and spectral results of a dynamic scene. (a) Reconstructed depth. (b)
Reconstructed hyperspectral image in sRGB. (c) Reconstructed hyperspectral image. (d) Hyperspectral intensity.

tween depth results for each DDSL pattern. The consistency
across different DDSL patterns is evident, with a difference
of less than 2 mm between patterns.

Dynamic Scenes By using spectrally multiplexed DDSL
patterns, we reduce the required number of projections from
over hundred patterns with naive scanning [19] to 8 DDSL
patterns. This enables accurate hyperspectral 3D imaging
for dynamic scenes at 6.6 fps, by software synchronizing
camera and projector, as shown in Figure 1, Figure 9, and
the Supplemental Video.

Impact of Pattern Parameters Table 1 shows the im-
pact of different parameter settings of DDSL patterns. Our
empirically-set pattern parameters loffset, lwidth, lshift result in
the best spectral and depth accuracy with a short capture
time. The depth accuracy remains unchanged due to the ro-
bustness of RaftStereo [14] for correspondence matching.

Table 1. Ablation study on pattern parameters: loffset, lwidth, lshift.

Index loffset lwidth lshift
# of patterns
∝ capture time↓

Spectral
FWHM [nm]↓

Depth
MAE [mm]↓

#1 60 5 5 12 15.5 4
#2 20 5 5 4 17 4
#3 40 20 5 8 Fail Fail
#4 40 1 5 8 50 4
#5 40 5 10 3 Fail 4
#6 40 5 2 20 15.5 4

chosen 40 5 5 8 15.5 4

Real and Fake Oranges Figure 8 presents a comparison
between artificial and real oranges with reconstructed hy-
perspectral images in sRGB and depth with spectral curves
of each fruits. We can differentiate between the objects in
detailed spectral analysis. Ground-truth intensity measure-
ments are acquired using a spectroradiometer.

9. Conclusion
We have introduced DDSL, an accurate and compact
method for hyperspectral 3D imaging for dynamic scenes.
We use a conventional RGB stereo camera-projector sys-
tem paired with a sub-millimeter diffraction grating, imple-
mented as a practical experimental prototype. We design
the DDSL patterns, generating spectrally-multiplexed illu-
mination, enabling rapid and high-quality hyperspectral 3D
imaging. Our method incorporates the dispersion-aware im-
age formation model using the sub-pixel accurate backward
mapping. Experimental results demonstrate that we outper-
form prior affordable methods in both accuracy and also ac-
quisition time, achieving 6.6 fps with a depth error of 4 mm
and a spectral accuracy of 15.5 FWHM. We envision that
our DDSL method opens up new applications of geometric
and material analysis for dynamic objects.

Limitations and Future work While our method enables
rapid, accurate, and practical hyperspectral 3D imaging for
dynamic scenes, it is currently constrained to low-speed
motion, achieving a frame rate of 6.6 fps due to the slow
software-based synchronization between the camera and
projector. To address this limitation, hardware synchroniza-
tion and a high-speed, affordable projector-camera system
could significantly increase frame rates [28]. The limited
diffraction efficiency also restricts the range of scene posi-
tions. Thus, using a high efficiency diffraction grating for
the first-order light would enhance the effective range.
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