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Figure 1. Our event-based active hyperspectral imaging system achieves real-time capture up to 30 FPS as well as 59.53% bandwidth

reduction while maintaining accuracy comparable to frame-based methods. (a) System prototype. (b) Illustration of our working principle.

(c) Reconstructed results in sRGB. (d) Spectral accuracy validation against ground truth. (e) Reconstructed hyperspectral images.

Abstract

Hyperspectral imaging plays a critical role in numerous

scientific and industrial fields. Conventional hyperspectral

imaging systems often struggle with the trade-off between

capture speed, spectral resolution, and bandwidth, particu-
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larly in dynamic environments. In this work, we present a

novel event-based active hyperspectral imaging system de-

signed for real-time capture with low bandwidth in dynamic

scenes. By combining an event camera with a dynamic

illumination strategy, our system achieves unprecedented

temporal resolution while maintaining high spectral fidelity,

all at a fraction of the bandwidth requirements of tradi-

tional systems. Unlike basis-based methods that sacrifice

spectral resolution for efficiency, our approach enables con-



tinuous spectral sampling through an innovative “sweeping

rainbow” illumination pattern synchronized with a rotat-

ing mirror array. The key insight is leveraging the sparse,

asynchronous nature of event cameras to encode spectral

variations as temporal contrasts, effectively transforming

the spectral reconstruction problem into a series of geomet-

ric constraints. Extensive evaluations of both synthetic and

real data demonstrate that our system outperforms state-of-

the-art methods in temporal resolution while maintaining

competitive spectral reconstruction quality.

1. Introduction

Hyperspectral imaging, which captures detailed spectral in-

formation across a wide range of wavelengths, has become

increasingly crucial in applications ranging from remote

sensing [1, 14, 18] to medical diagnostics [5, 26, 50]. Tradi-

tional approaches typically suffer from a dilemma: they must

balance spectral resolution, temporal resolution, and data

bandwidth. While recent advances in computational imaging

have made progress in addressing these challenges, existing

solutions often require compromising among these compet-

ing factors. Specifically, current state-of-the-art methods

broadly fall into three categories: i) scanning-based systems

that achieve high spectral resolution at the cost of temporal

resolution [4, 9, 10, 15, 21, 40], ii) snapshot systems that

sacrifice spectral resolution for speed [31, 55, 59, 60], and

iii) coded aperture approaches that require complex com-

putational reconstruction [2, 22, 53]. Despite their respec-

tive merits, none of these approaches can simultaneously

achieve high temporal resolution, high spectral resolution,

and low bandwidth requirements—a capability increasingly

demanded by emerging applications such as real-time mate-

rial classification and dynamic scene understanding.

Event cameras have recently revolutionized high-speed

imaging by responding to local intensity changes rather than

capturing full frames, offering microsecond temporal res-

olution and high dynamic range [24, 35, 43]. They can

potentially benefit real-time capture of hyperspectral imag-

ing [16]. However, leveraging their advantages for hyper-

spectral imaging presents several fundamental challenges.

i) Spectral information must be reliably encoded into tem-

poral events while maintaining spatial consistency—a task

complicated by motion artifacts and temporal aliasing in

traditional scanning methods. ii) The sparse nature of events

can exacerbate the ill-posedness of spectral reconstruction.

iii) Event cameras’ inherent characteristics—logarithmic

response, non-uniform pixel behavior, and refractory peri-

ods—introduce complex measurement inconsistencies.

In this paper, we propose an active hyperspectral imag-

ing system using an event camera. Our key insight is that

by synchronizing precisely controlled active illumination

with an event camera’s superior temporal resolution, we

can encode spectral information in the temporal domain,

effectively decoupling spectral resolution from temporal res-

olution. Specifically, our system includes a novel optical

design that creates a “sweeping rainbow” effect through a

synchronized rotating mirror array and blazed grating com-

bination. An illustration of our system’s working principle

using “sweeping rainbow” illumination to create temporal

events encoding spectral information is shown in Fig. 1(b),

where the scene contains objects with distinct single-peak

spectral responses. This design integrates the cutting-edge

features of event cameras, successfully transforming the

complex problem of spectral reconstruction into a series

of geometric constraints derived from event temporal in-

formation. Our mathematical framework shows that each

event provides information about the underlying spectral

distribution. Together with the usage of SVD and tailored

constraints on the spectral solution, our method achieves

robust reconstruction even with sparse temporal sampling

and measurement inconsistencies in the event camera.

Our approach offers three fundamental advantages: i)

microsecond-scale temporal resolution inherited from event

cameras, enabling the capture of rapid spectral phenom-

ena; ii) dramatic reduction in data bandwidth through

sparse, asynchronous event representation; and iii) basis-

independent spectral resolution, limited only by optical de-

sign rather than computational constraints. These make our

method excel in applications demanding simultaneous high

temporal and spectral resolution.

Our main technical contributions include:

• a novel active illumination strategy that enables continuous

spectral sampling through precise synchronization with

event-based sensing;

• a mathematical framework that reformulates the spectral

reconstruction problem as a geometric constraint optimiza-

tion problem; and

• an efficient solver that leverages physical prior derived

from events for spectral reconstruction.

Through extensive experiments on both synthetic and real

data, we demonstrate that our system achieves 59.53 % re-

duction in data bandwidth compared to traditional frame-

based approaches. A comprehensive characterization of

system performance and limitations is also conducted. Our

approach enables the real-time capture (up to 30 FPS) of

dynamic spectral phenomena with unconstrained spectral res-

olution, opening new possibilities in fields where real-time

capture of spectral changes and minimal data bandwidth are

essential.

2. Related Work

Hyperspectral imaging. Hyperspectral imaging systems

have traditionally involved scanning the scene across either

the spatial [4, 10, 40] or spectral [9, 15, 21] dimensions

for passively capturing reflectance across different spectral



bands. Techniques such as spectral filters [41, 55], filter

wheels [8], and tunable filters [9, 12, 15, 51] have been

widely used to separate incoming light into distinct spec-

tral components. However, these methods typically rely on

sequential scanning, which significantly limits their tempo-

ral resolution and dynamic sensing capability, often leading

to motion artifacts and spectral misalignment. Some meth-

ods leverage coded aperture [20, 45], disperser [2, 31], or

both [22, 25, 53, 58–60] to form a Coded Aperture Snap-

shot Spectral Imaging (CASSI) system, achieving computa-

tional hyperspectral imaging from a subset of measurements.

While offering faster acquisition speeds, they face challenges

in terms of hardware complexity, versatility, and spectral ac-

curacy. Moreover, researchers have explored alternative

active illumination schemes [17, 23, 37, 46, 52, 54, 56] to

reach a balance. Park et al. [37] showed multiplexed illu-

mination could boost independent measurements using mul-

tiple light sources and camera channels. Similarly, Chi et

al. [7] proposed optimized wide-band filtered illumination

to maximize signal and minimize ambient light influence.

Recently, Shin et al. [46] developed a hyperspectral imag-

ing system based on dispersed structured light, utilizing a

diffraction grating to achieve hyperspectral 3D imaging with

higher spectral resolution than filter-based methods. The

current landscape of hyperspectral imaging systems high-

lights the need for approaches that effectively address the

inherent trade-offs between spectral resolution, temporal

efficiency, and adaptability. Our proposed system extends

previous works by combining active dispersive illumination

with event-based imaging in a novel manner.

Event-based vision. Event cameras have reshaped imag-

ing by enabling real-time data acquisition and robust per-

formance in dynamic scenes. They can be used not only

to directly reconstruct intensity videos [35, 36, 39, 42] or

color videos [27, 30, 33, 44], but also to assist frame-based

cameras in tasks like deblurring [48], high-frame-rate [49]

and high-dynamic-range [29] imaging. Also, event cameras

have improved deblurring in snapshot mosaic hyperspectral

imaging [13]. In active lighting scenarios, event cameras

capture rapid illumination shifts to enhance scene perception.

Structured and intensity-varying lighting approaches trigger

events for various applications. Structured lighting projects

patterns onto objects, with event cameras capturing spatial

disparities for 3D shape reconstruction [28]. High-speed dig-

ital light projection [19] facilitated 3D surface reconstruction

through digital image correlation. ESL [34] synchronized

projector and camera events, reducing noise in structured

light applications. Besides structured light, researchers use

light sources with intensity changes to trigger event signals.

Morgenstern et al. [32] employed lookup tables for efficient

real-time depth estimation under structure light. Takatani et

al. [47] leveraged bispectral photometry under modulated

light, enabling depth and concentration estimation in tur-
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Figure 2. Illustration of our system. Our system combines a point

light source, optical elements (convex lenses, vertical slit, and cylin-

drical lens), and a blazed grating to create a “sweeping rainbow”

effect across the scene. The scattered light is collected through a

beam-splitter and light panel arrangement before being captured

by an event camera. This design enables rapid spectral scanning

of the scene through the rotating mirror array’s continuous motion,

whose temporal brightness changes are rapidly captured by the

event camera with microsecond-level resolution.

bid media. EventPS [57] estimates the surface normal by

analyzing the events triggered by a continuously rotating

light source. Transient light triggers are employed [6, 16]

to resolve intensity-distance ambiguity and capture radiance

variations. Bajestani et al. [3] reconstructed color events with

adaptive structured lighting, achieving an effective 1400 FPS

with a monochrome event camera. Despite these advanced

developments, active hyperspectral imaging with event cam-

eras remains an unexplored area.

3. Method

3.1. Imaging Setup

Optical architecture. Our system adopts spectral decom-

position to analyze different wavelengths of light from a

scene, combining spatial scanning (via the rotating mirror

array) with spectral separation (via the blazed grating) to

build a complete hyperspectral data cube. Our system con-

sists of three key components: a point light source with a

convex lens for collimation, a rotating mirror array, and a

blazed grating, synchronized for spectral separation. This

configuration creates a “sweeping rainbow” effect that sys-

tematically maps spectral information to temporal variations.

Fig. 1(a) shows the real capture prototype, and Fig. 2 shows

how the optical path creates the spectral separation and how



the rotating mirror array facilitates the spatial scanning of

the scene, with the rainbow pattern illustrating the spectral

decomposition process.

The optical path begins with a collimated beam passing

through a vertical slit, which is then directed through a series

of convex and cylindrical lenses. This vertically parallel

light interacts with the blazed grating, creating a wavelength-

dependent angular dispersion. The rotating mirror array,

positioned at the system’s core, continuously redirects the

dispersed light at precisely controlled angles. This process

results in a temporally varying spectral illumination pattern

that dynamically sweeps across the scene.

Temporal-spectral encoding. The key insight of our de-

sign is that the rotating mirror array creates a deterministic

illumination pattern, which establishes the relationship be-

tween wavelength ¼ and time Ä . For a pixel x, y in the

scene, the incoming spectral radiance Lx,y(¼, Ä) from our

illumination device is a function as follows:

Lx,y (¼, Ä) = T (¼+ ´É (Ä + Ä̂x)) , (1)

where T is the spectral radiance of the narrow-band dis-

persed light, É is the illumination pattern rotation speed

(half of the mirror rotation speed), Ä̂x is the initial time offset

depending on the horizontal coordinate of the pixel, and ´

is a coefficient describing the width of the rainbow in the

unit of nanometer per rad. This relationship enables us to en-

code high-dimensional spectral information into a temporal

sequence that can be efficiently captured by an event camera.

3.2. Problem Formation

Event formation model. Event cameras capture scene ra-

diance changes on a logarithmic scale. Each pixel measures

the radiance changes asynchronously. When the changes of

logarithmic radiance at the pixel x, y reaches a triggering

threshold C, an event {x, y, Ã, Ä} will be triggered, where Ä

is the timestamp, and Ã ∈ {−1,+1} is the polarity represent-

ing the decrease or increase of radiance. Assume there are

totally K events triggered at pixel x, y during an illumination

cycle. These events are represented as Ex,y = {x, y, Ãk, Äk},

where k = {1, 2, ...,K}. The change of radiance value in

pixel x, y from Äk−1 to Äk becomes:

log(Ix,y(Äk) + ϵ) = log(Ix,y(Äk−1 + ¸) + ϵ) + ÃkC, (2)

where ϵ is a small offset value to avoid taking the logarithm

of zero, and ¸ is the refractory time of the pixel [11]. In our

system, these intensity changes are induced by the sweeping

spectral illumination. Combining the event generation model

with our spectral illumination pattern, we can express the

relationship between events and spectral content.

Hyperspectral imaging model. Assuming that there is an

object illuminated by an ideal white point light source, which

exhibits a flat spectrum curve in the visible light range. For

a pixel x, y under spectrum ¼, the hyperspectral image pixel

intensity Sx,y(¼) has the following formula:

Sx,y(¼) = Rx,y(¼)E(¼), (3)

where Rx,y(¼) is the reflectance of pixel x, y, and E(¼) is

the spectral radiance of the ideal white light source shared by

all the image plane. Here we assume that the material is non-

fluorescent to allow each spectrum be treated independently,

omit inter-reflection and sub-surface scattering to have each

pixel be treated independently.

To capture spectrally relevant information using a

monochromatic event camera, we design the illumination

pattern Lx,y(¼, Ä) that varies along both wavelength and

time as shown in Eq. (1). For a pixel x, y, the observed

intensity Ix,y(Ä) at time Ä is determined by the interaction

between the scene’s spectral reflectance and our time-varying

illumination Lx,y(¼, Ä) as follows:

Ix,y(Ä) =

∫

λ

D(¼)Rx,y(¼)Lx,y(¼, Ä)d¼

=

∫

λ

D(¼)Sx,y(¼)
Lx,y(¼, Ä)

E(¼)
d¼,

(4)

where D(¼) denotes the camera spectral response curve

shared by all positions, and Sx,y(¼) represents the hyper-

spectral image, which is our reconstruction target.

Therefore, the event-based active hyperspectral imaging

estimation task can be formularized as: by designing the

changing light source function Lx,y(¼, Ä), given the events

captured by an event camera, estimate the hyperspectral

image Sx,y(¼) as if it is illuminated by an ideal white point

light source.

3.3. Event­Based Spectral Reconstruction

In order to estimate the continuous hyper-spectrum im-

age function Sx,y(¼) in a numerical way, the continuous

equation should be discretized for practical implementation.

Specifically, we separate the spectral response over the vis-

ible spectrum into a discrete set S = [¼1, ¼2, ..., ¼M ] of M

centered wavelengths sampled from 400 nm to 760 nm with

¶ = 360
M

nm interval. Then we can rewrite Eq. (4) into a

discrete form:

Ix,y(Ä) =
∑

m

Sx,y,m

∫ λm+δ

λm

D(¼)
Lx,y(¼, Ä)

E(¼)
d¼. (5)

Denote the right part that can be pre-calibrated as:

Ax,y,m(Ä) =

∫ λm+δ

λm

D(¼)
Lx,y(¼, Ä)

E(¼)
d¼, (6)

then we have

Ix,y(Ä) =
∑

m

Ax,y,m(Ä)Sx,y,m (7)

For the sake of simplicity, we convert the M dimension of

Sx,y,m and Ax,y,m(Ä) into vectors x ∈ R
M and aτ ∈ R

M .

Also, we only focus on one pixel and omit the subscript x, y

in the following sections. The problem can be simplified



using the dot product

I(Ä) = aτ · x, (8)

at each pixel x, y and moment Ä .

Null spectrum vector for spectral-temporal mapping. Re-

call that for each pixel x, y, events are triggered when loga-

rithmic intensity changes exceed threshold C. To see what

each pair of events reveals about the hyper-spectrum image,

we combine Eq. (8) with Eq. (2) (omitting the non-ideal bias

and refractory time) to get the following equation for each

pair of events triggered at timestamps Äk, Äk−1:

aτk · x = eCσkaτk−1
· x. (9)

We denote all the components besides x as follows:

nk = aτk − eCσkaτk−1
. (10)

All the components in nk are either calibrated in advance,

or extracted from the event stream. Then we can see that

nk ∈ R
M is perpendicular to x because their dot product is

0, i.e.,

nk · x = 0. (11)

Here, we name the vector nk as null spectrum vector.

The event-triggered constraints provide a series of equa-

tions Eq. (9) that relate consecutive measurements. Each

pair of events generates a null spectrum vector n̂k according

to equation Eq. (10), forming the basis of our reconstruction

approach.

Spectral reconstruction from augmented null spectrum

vectors. Null spectrum vector provides information about

the spectrum shape of the target image S(¼). However, the

absolute value of the image is still ambiguous. To solve this

problem, we add a direct light to the sensor and propose the

following augmented null spectrum vector.

The event signal captured previously lacks absolute in-

tensity because the event only provides a relative intensity

ratio between a pair of timestamps. To introduce the abso-

lute intensity value into the event signal, we add a constant

intensity value c to the sensor. This addition is achieved by

putting a beam splitter and another constant planner light in

front of the event camera. The captured intensity Î(Ä) with

this constant light has the following formula:

Î(Ä) = aτ · x+ c =

[

x

1

]

·

[

aτ

c

]

. (12)

By concatenating another dimension with the added con-

stant light intensity c, we achieve the augmented null spec-

trum vector n̂k as:

x̂ · n̂k = 0, (13)

where

x̂ =

[

x

1

]

, and n̂k =

[

ak

c

]

− eσkC

[

ak−1

c

]

. (14)

The events Ex,y triggered at pixel x, y over time within the

static state of the scene can build up a system of constraints.

Denote matrix N̂ ∈ R
K×(M+1) the matrix whose rows

are M + 1 dimensional augmented null spectrum vectors

n̂k, k = 1, 2, ...,K. We can calculate x by solving the least

square minimization problem

x∗ = argmin
x
∥N̂x̂∥2. (15)

The weight of hyper-spectrum image x can be calculated by

performing SVD, selecting the singular vector corresponding

to the minimum singular value, and normalizing it according

to the last dimension. However, there are three problems if

deploying the SVD solution directly:

• The SVD solution contains negative values, while all inten-

sities should be positive. The SVD method tends to form a

zero-crossing point around frequent events to reduce over-

all error. As a result, solutions containing zero-crossing

points are mostly all wrong.

• The augmented null spectrum vectors n̂k only provide rela-

tive intensity relations among event triggering timestamps.

When there is a long gap between the event triggering time,

there are no restrictions for the intensity value between the

two endpoint timestamps. Drastically changing intensity

between the gaps violates the event triggering model.

• For dark pixels or pixels with flat spectrum (white color).

There are fewer events generated than the number of bases.

The matrix from augmented null spectrum vectors n̂k is

degraded, and there are infinite solutions in this case.

To solve the first SVD negative value problem, we in-

troduce another set of inequality constraints S(¼) g 0, ∀¼,

which can be written as:

xm g 0, m = 1, 2, ...,M (16)

which convert the linear least square minimization prob-

lem Eq. (15) into a quadratic programming (QP) problem.

To solve the second long-event-gap hallucinations prob-

lem, we introduce a regularization term to suppress drastic

intensity drift in the gap of a pair of events. This regulariza-

tion term adds an L2 penalty to the intensity values between

two events and the linear interpolation between each pair of

events as follows:

Rint =
∑

k

∑

τ∈(τk−1,τk)

((aτ − a′
τ ) · x)

2,
(17)

where

a′
τ =

Äk − Ä

Äk − Äk−1
aτk−1

+
Ä − Äk−1

Äk − Äk−1
aτk . (18)

To solve the third matrix degraded problem, we intro-

duce another regularization term to suppress high-frequency

changes in the spectrum as follows:

Rspec =
∑

k∈[Mstart,M ]

(fk · x)2, (19)

where fk =
[

cos 1.5kπ
M

, cos 2.5kπ
M

, ..., cos kπ(M+0.5)
M

]¦

,

and Mstart represents the frequency to start adding penalty.

To summarize, given a set of events at pixel x, y over time,
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Figure 3. Influence of different constraints on spectral reconstruc-

tion quality. Four variants are compared: (a) without non-negative

constraints, showing physically implausible negative spectral values

(SAM: 30.23, PSNR: 26.62); (b) without low-frequency prior, re-

sulting in high-frequency artifacts (SAM: 30.97, PSNR: 26.42); (c)

with reduced anti-drift constraints, exhibiting temporal instability

(SAM: 26.28, PSNR: 27.81); and (d) our full method incorporating

all constraints, achieving the most accurate and stable reconstruc-

tion (SAM: 13.42, PSNR: 33.60).

the spectral reconstruction in Eq. (15) can be reformulated

as a constrained optimization problem:

min
x

(

∥N̂x̂∥22 + ³intRint(x) + ³specRspec(x)
)

,

subject to : xm g 0, m = 1, 2, ...,M,
(20)

where Rint(x) is a sparsity regularizer addressing measure-

ment noise, Rspec(x) is a smoothness regularizer promoting

spectral continuity, ³int, ³spec are regularization parameters.

Fig. 3 illustrates the critical role of different constraints in

our reconstruction pipeline. The ablation study demonstrates

that non-negative constraints prevent physically impossible

negative spectral values, while low-frequency priors sup-

press high-frequency artifacts. Anti-drift constraints ensure

temporal stability.

3.4. Calibration

Calibration is crucial for reliable hyperspectral reconstruc-

tion. Our system requires the calibration of several param-

eters: the time-varying spectral intensity of the sweeping

rainbow illumination L(¼, Ä), the constant illumination c,

the event camera’s spectral response curve D(¼), and the

event triggering threshold C. A detailed description of the

calibration procedure of c, D(¼), and C can be found in the

supplementary, while the calibration of L(¼, Ä) is as follows.

We decompose the calibration of L(¼, Ä) into two sub-

problems using a laser point as a temporal-spatial reference.

The laser beam, being reflected by the same mirror array,

maintains a fixed relative position to the sweeping rainbow

strip. First, the temporal relationship between the rainbow

strip arrival and event triggering at each pixel is established.
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Figure 4. Temporal evolution of spectral illumination patterns of

our system. Different narrow-band illuminations are projected to

different locations of the scene, forming a sweeping rainbow strip

pattern. Spectral characteristics of the broadband light source and

reconstructed hyper-spectral imaging range are also elaborated.

Assuming vertical alignment of the projected rainbow strip,

pixels in the same column experience identical temporal pat-

terns. We track the laser point position at the scene’s bottom

edge to determine these temporal relationships. Second, we

characterize the spectral intensity distribution across time by

operating the mirror array at a constant, low angular velocity

while recording spectral measurements with a spectrometer.

By modulating the laser between on and off during measure-

ment and correlating with detected laser positions, we obtain

a comprehensive mapping of spectral intensity variations

across both time and wavelength. The real-world spectral

radiance captured from our modulated illumination pattern is

shown in Fig. 4, along with the input lamp spectral radiance

and the position mapping to the rainbow strip.

4. Experiments

4.1. Implementation Details

Our prototype system employs an IMX636 event camera as

the primary sensor. Illumination is provided by a high-power

xenon lamp, which delivers the broad spectral coverage and

intensity stability necessary for reliable hyperspectral mea-

surements. To establish a stable baseline illumination level,

we utilize an iPhone 7’s LCD display with DC dimming ca-

pability, eliminating potential temporal artifacts from screen

flicker. The rotating mirror array operates at two distinct

speeds: 180 rpm for static scene capture, and 600 rpm for

dynamic scenes, enabling hyperspectral video capture at

10 frames per second. Our spectral reconstruction pipeline

estimates 72 discrete channels spanning 400 − 760 nm at

5 nm intervals, providing detailed coverage of the visible

spectrum. Details of the algorithm are in the supplementary.

4.2. Experimental Protocol

Ground truth acquisition. Ground truth spectral measure-

ments are obtained using a calibrated EBA NH8 hyperspec-

tral camera, capable of measuring spectra from 380-1000 nm.

These measurements are conducted under the same xenon



lamp used in our system, allowing direct calculation of sur-

face reflectance spectra for validation. The measurements

are spatially registered with our reconstructions.

Data simulation. Our synthetic dataset generation pipeline

simulates the complete optical and sensing characteristics of

the system, including the non-ideal narrow-band illumina-

tion pattern, non-ideal event triggering, and frame camera

imaging noises. More details can be found in the supplemen-

tary material.

Compared methods. We evaluate the proposed sys-

tem against the following baselines: i) Full-bandwidth

frame-based method. ii) Bandwidth-matched frame-based

method. iii) Parkkinen basis method [38]. iiii) CASSI-based

method [25, 58]. More details can be found in the supple-

mentary material.

4.3. Comparison Results

High-frequency spectral feature recovery. We first evalu-

ate our method’s capability to recover high-frequency spec-

tral features using a challenging rainbow pattern (Fig. 5).

This test case is particularly demanding as it contains sharp

spectral transitions and narrow-band features that are difficult

to capture with traditional methods. As shown in Fig. 5(a-d),

basis-based methods struggle to accurately represent these

sharp spectral features, exhibiting significant smoothing arti-

facts. While the full-bandwidth frame-based method (1200

frames) captures these features accurately, it requires sub-

stantial data bandwidth, 100 times compared to ours. The

bandwidth-matched frame-based method, operating under

the same data constraints as our approach, shows degraded

performance due to temporal undersampling. Our method

( Fig. 5(b)) successfully recovers the sharp spectral transi-

tions while maintaining high spatial fidelity. The spectral

profiles in Fig. 5(i) demonstrate that our approach achieves

acceptable accuracy using significantly low bandwidth. This

superior performance stems from our event-based encod-

ing scheme, which efficiently captures temporal changes in

spectral information.

We also compare our method with CASSI-based meth-

ods [25, 58] and evaluate the event efficiency comparing

frame-based methods with our method. More details can be

found in the supplementary material.

4.4. Evaluation on Synthetic Data

Evaluation on a ColorChecker. We conduct a systematic

evaluation using a standard ColorChecker chart (Fig. 6),

which provides a diverse set of well-characterized spectral

signatures. The quantitative results show that our method

achieves an RMS error of 0.204, SAM of 21.05, and PSNR

of 28.46 on average across all 24 patches, with particularly

strong performance in regions of smooth spectral variation.

The reconstructed spectra (Fig. 6, bottom) demonstrate our

method’s ability to accurately recover both broad and nar-
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Figure 5. Comparative analysis of spectral reconstruction on a

high-frequency rainbow pattern. Compared methods include (a)

ground truth, (b) ours (SAM: 23.27, PSNR: 24.61, SSIM: 0.40),

(c) basis-based method (SAM: 25.97, PSNR: 23.79, SSIM: 0.68),

(d) bandwidth-matched frame-based method (SAM: NaN, PSNR:

18.73, SSIM: 0.14), with corresponding hyperspectral visualiza-

tions (e-h). Spectral profiles (i) validate our method’s superior per-

formance over the bandwidth-full and bandwidth-matched frame-

based method.

row spectral features. The error analysis reveals that our

approach maintains consistent accuracy across different spec-

tral patterns, with slightly higher uncertainty in regions of

flat spectral curves.

Evaluation on metameric samples. To evaluate our sys-

tem’s ability to distinguish subtle spectral differences, we

analyze metameric samples of real and fake daisies (Fig. 7).

Our method successfully captures the subtle spectral dif-

ferences between the metameric pairs (Fig. 7(b)), demon-

strating sensitivity to fine spectral features that are crucial

for material classification applications. The full hyperspec-

tral reconstruction (Fig. 7(c)) shows consistent performance

across the entire spatial field.

4.5. Evaluation on Real Data

Evaluation on static scene. The real-world performance

of our system is demonstrated through comprehensive static

scene captures (Fig. 1). Our prototype achieves 59.53%

bandwidth reduction compared to traditional frame-based

systems while maintaining comparable accuracy (Fig. 1(d)).

The reconstructed hyperspectral images (Fig. 1(c,e)) show



0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23
0.0

0.1

0.2

0.3

0.4

0.5

R
M

S 
Er

ro
r

Patch Number

0.0

0.5

1.0

0.0

0.5

1.0

0.0

0.5

1.0

400 575 750

0.0

0.5

1.0

400 575 750 400 575 750 400 575 750 400 575 750 400 575 750

Wavelength [nm]

N
or

m
al

iz
ed

 s
pe

ct
ra

l i
nt

en
si

ty

Figure 6. Evaluation on a ColorChecker. Our method achieves

21.05 SAM and 28.46 PSNR on average across all 24 patches. Top:

Spectral accuracy evaluation in terms of RMS error and error bar

from 14 measurements, where 2,500 pixels are used in evaluation

for each patch. The blue column indicates the mean RMS error.

Bottom: Reconstructed spectra of all 24 patches, where solid lines

are ours, and the dashed lines are ground truth.
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Figure 7. Evaluation on metameric samples of fake (left) and real

(right) daisies. Our method achieves 10.8 SAM and 34.95 PSNR

on average. (a) The reconstructed hyperspectral image in sRGB.

(b) Spectra of metameric samples against ground truth measure-

ments, highlighting the system’s ability to capture subtle spectral

differences. (c) Estimated hyperspectral images.

excellent agreement with ground truth measurements at rep-

resentative points.

Evaluation on dynamic scene. A key advantage of our

approach is its ability to capture dynamic spectral phenom-

ena. Fig. 8 demonstrates this capability through the capture

of an iridescent paper in motion. The system achieves a tem-
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Figure 8. Real-time hyperspectral imaging on a moving irides-

cent sticker paper. Top: Three consecutive estimated hyperspectral

images rendered in sRGB captured within 0.3 s. Bottom: Corre-

sponding estimated hyperspectral images.

poral resolution of 10 FPS while maintaining high spectral

fidelity, enabling the observation of rapid spectral changes

that would be impossible to capture with traditional systems.

5. Conclusion

In this paper, we present the first event-based hyperspectral

imaging system. By encoding spectral data through temporal

contrast, our approach leverages the sparse, asynchronous

nature of event cameras to achieve dramatic bandwidth re-

ductions while maintaining high spectral and temporal reso-

lution. The system demonstrates that breaking the resolution-

bandwidth trade-off is possible through careful co-design of

optical hardware and computational algorithms. Experimen-

tal results demonstrate that our approach enables real-time

capture of dynamic spectral phenomena with unconstrained

spectral resolution, achieving performance comparable to

frame-based methods with only 40.47% of the data.

Limitations. Currently, the inter-reflection, scattering, and

fluorescence of the material are not modeled. They will

affect spectral estimation accuracy. The system requires

precise optical calibration and the algorithm implementation

still has room to speed up. Future work could address these

limitations by improving optical systems or introducing deep

learning techniques.
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6. More Implementation Details

6.1. More Details on Calibration

Constant light intensity calibration. We employ a smart-

phone display as a constant light source to provide stable

baseline illumination. The absolute intensity c is measured

using a calibrated radiometer. While this parameter is crucial

for absolute intensity measurements, it can be adjusted arbi-

trarily when only relative spectral information is required,

effectively serving as an exposure control parameter.

Spectral response calibration. We employ an end-to-end

calibration approach for the camera’s spectral response D(λ)
using a color checker’s white region as a reference. By com-

paring our system’s reconstruction against ground truth mea-

surements from a spectrometer, we derive channel-specific

correction factors that compensate for both the camera’s

spectral sensitivity and other systematic non-idealities in the

imaging pipeline.

Event threshold calibration. The event triggering thresh-

old C is calibrated using the color checker’s grayscale

patches, utilizing their known linear intensity relationship.

We perform an end-to-end calibration by adjusting the thresh-

old value until the reconstructed intensities of the gray

patches exhibit the expected linear distribution. This ap-

proach simultaneously accounts for positive and negative

contrast thresholds, assuming symmetric triggering behavior.

Co-axial setup of the event camera and illumination. We

place the event camera straight below the light source. This

horizontal co-axial alignment ensures consistent temporal-

spectral mapping, unaffected by object depth. The right

picture shows that there is no horizontal cast shadow on

the left or right of the rod in the front, and the rainbow is

∗Corresponding author: Boxin Shi
†This work was conducted while the first author, Bohan Yu, was doing

internship at National Institute of Informatics.

Figure 9. Co-axial setup of the event camera and illumination. The

vertical rod does not cast a shadow on the background plate, indi-

cating that the illumination and camera are placed in a horizontally

co-axial.

consistent across depth changes. Vertical misalignment may

cause shadows in the up and down direction, but does not

affect the illumination pattern mapping accuracy. Robustness

is also validated through consistent results across the video.

6.2. More Details on Hardware Configuration

As shown in Fig. 2, we employ multiple optical components

to construct the “sweeping rainbow” illumination pattern.

The physical device is shown in Fig. 10. The working princi-

ples of each component in our hyperspectral imaging system

are as follows (in light path order):

• Point light source: Initial illumination. A xenon arc

lamp (Asahi Spectra MAX-303) provides wide, flat spec-

trum distribution across the visible range, ensuring com-

plete spectral sampling. Its high-intensity output enables

reliable event triggering in the camera. The continuous

nature of its spectrum is essential for capturing the full

range of spectral information without gaps.

• First convex lens: Concentration. The first convex

lens with a 50mm focal concentrates the light onto a

controllable-width slit to maximize light efficiency, a criti-

cal factor given the system’s need for sufficient intensity

to trigger events.

• Vertical slit: Width control. The vertical slit with con-



trollable width controls the spatial width of the light beam,

which directly influences the final spectrum’s FWHM.

• Second convex lens: Collimation. The second convex

lens with a 50mm focal transforms the divergent light

into parallel rays. This collimation is essential for optimal

interaction with the blazed grating, as parallel light ensures

consistent diffraction angles across the beam width.

• Cylindrical convex lens: Shape control. The cylindrical

convex lens with 150mm focal converges the light ver-

tically at the spinning mirror to minimize the required

mirror size and then allows the light to diverge vertically,

creating the characteristic tall rainbow strip pattern. It

optimizes beam shape for efficient scanning.

• Blazed grating: Spectral separation. The blazed grating

with 600 lines/mm is used for spectral separation. This

precise spacing is optimized for visible light diffraction,

horizontally dispersing different wavelengths while main-

taining high diffraction efficiency. The grating reflects this

spectrally separated light toward the mirror array.

• Rotated mirror array: Temporal scanning. The four-

mirror array driven by a stepper motor and gear system

reflects the rainbow strip pattern and sweeps it across the

scene in a horizontal pattern. The system achieves rotation

speeds up to 1800 revolutions per minute (rpm), enabling

rapid spectral scanning while maintaining sufficient dwell

time for event generation at each wavelength.

All optical elements are mounted on a vibration-isolated

optical breadboard. These components create a precise and

efficient spectral scanning system. As to the positions of

optical components, 4 of 5 DoFs are fixed for light passing

straight through the center. The distances between them are

then tuned for maximum brightness at the slit (first lens), nar-

row output rainbow spectra (second lens), and appropriate

1st-order diffraction within the mirror range (grating). The

small diffraction area of the grating (< 2cm) allows approxi-

mating light as a point source at the grating’s image in the

mirror. Each element’s parameters have been optimized to

balance competing requirements: spectral resolution, light

efficiency, scanning speed, and system compactness. The

result is a system capable of real-time hyperspectral imag-

ing while maintaining the bandwidth efficiency inherent to

event-based sensing.

6.3. More Details on Algorithm Configuration

The computational pipeline of the proposed method is built

on a hybrid architecture that leverages both CPU and GPU

resources. Event pre-processing is accelerated using Numba

just-in-time compilation, while the reconstruction algorithms

are implemented in PyTorch to utilize GPU parallelization.

The experiments are conducted on a single NVIDIA GeForce

RTX 3060 graphics card. It takes about 20 seconds to re-

construct a hyper-spectral frame. For visualization purposes,

we employ a color space conversion pipeline that transforms

Rotated mirror array

Event camera

Convex lens

Convex cylindrical lens

Beam splitter

Blazed grating

Light panel

Point light source

Convex lens

Vertical slit

Top view

Side view

Figure 10. System prototype (corresponding to Fig. 1(a)).

the reconstructed hyperspectral data through CIE 1931 color

space before final conversion to RGB using OpenCV’s color

management system.

6.4. More Details on Data simulation

Our synthetic dataset generation pipeline simulates the com-

plete optical and sensing characteristics of the system, in-

cluding the non-ideal narrow-band illumination pattern, non-

ideal event triggering, and frame camera imaging noises.

The sweeping rainbow effect is modeled using narrow-band

illumination with a FWHM of 17.5 nm, convolved with

ground truth hyperspectral images to generate 1200 intensity

frames. To achieve realistic event generation, we maintain

a baseline illumination at 3% of the maximum scene inten-

sity. The event camera’s behavior is carefully modeled with

triggering thresholds C following a normal distribution with

mean 0.15 and standard deviation 0.01 and incorporating

a 50 µs refractory period at a simulated scanning speed of

1800 rpm. During reconstruction, we employ consistent pa-

rameter settings with regularization weight αint = 1.0 and

Mstart of 0.3×M . For the frame-based camera, we designed

equivalent capture scenarios that match our system’s operat-

ing conditions. The frame-based synthetic data incorporates

multiplicative white Gaussian noise with a standard devi-

ation of 0.067 to match the noise characteristics of event

cameras.

6.5. More Details on Compared methods

We evaluate the proposed system against the following base-

lines:

• Full-bandwidth frame-based method. The frame-based

variant with full bandwidth is used for reference, which

involves 1200 intensity frames with maximum temporal

resolution and highest data bandwidth. Note that, for

real-time capture, a high-speed camera over 3,000 FPS is

required for the real scenes.

• Bandwidth-matched frame-based method. To ensure

fair bandwidth comparisons, we account for the 16-bit

event data format (assuming that the input event streams

employ 16-bit Prophesee EVT 3.0 format) versus 8-bit



grayscale frames, allowing us to determine equivalent

frame counts for matched-bandwidth scenarios. The

reduced-bandwidth comparisons employ uniformly down-

sampled frame sequences with linear interpolation for

spectral reconstruction.

• Parkkinen basis method [38]. To evaluate against basis-

based methods, we implemented the Parkkinen basis [38]

approach as a representative state-of-the-art technique.

Ground truth hyperspectral data is first decomposed using

least-squares fitting to the Parkkinen basis functions, fol-

lowed by reconstruction for comparison with our method.

This offers insights into the advantages of our approach for

capturing narrow-band spectral features, which is difficult

to achieve with basis-based methods.

• CASSI-based method [25, 58]. To evaluate against

CASSI-based methods, we simulate CASSI optical system

and evaluate on two state-of-the-art techniques [25, 58].

7. More Analysis
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Figure 11. Comparison between frame-based method using differ-

ent numbers of frames (curves) and ours (solid points) for different

samples.

7.1. Bandwidth efficiency

Fig. 11 presents a comprehensive comparison of reconstruc-

tion accuracy versus data bandwidth across different meth-

ods. Our event-based approach consistently achieves supe-

rior spectral reconstruction quality compared to frame-based

methods operating at equivalent bandwidth levels. Notably,

our method requires only 40.47% of the bandwidth of tradi-

tional frame-based approaches to achieve comparable accu-

racy.

7.2. System parameters

Our detailed analysis of the relationship between planar con-

stant light source intensity, event camera triggering threshold,

and data rates reveals important system characteristics. Us-

ing a standard 24-patch color checker as our test target, we

conducted comprehensive measurements across varying op-

erating conditions. The results in Fig. 12 show that lower

11.71 68.63 99.08 145.93 300.00
C (Lux)

-10

-5

0

5

10

15

20

25

30

Bi
as

es

3.694 Mev/s
27.07 FPS

3.271 Mev/s
30.57 FPS

3.313 Mev/s
30.18 FPS

3.155 Mev/s
31.70 FPS

2.854 Mev/s
35.04 FPS

2.734 Mev/s
36.57 FPS

2.505 Mev/s
39.92 FPS

2.284 Mev/s
43.79 FPS

2.256 Mev/s
44.33 FPS

1.801 Mev/s
55.52 FPS

1.545 Mev/s
64.73 FPS

1.315 Mev/s
76.03 FPS

1.197 Mev/s
83.55 FPS

1.113 Mev/s
89.87 FPS

0.991 Mev/s
100.87 FPS
0.925 Mev/s
108.16 FPS
0.849 Mev/s
117.78 FPS
0.770 Mev/s
129.79 FPS

1.362 Mev/s
73.40 FPS

1.203 Mev/s
83.13 FPS

1.076 Mev/s
92.93 FPS

0.920 Mev/s
108.70 FPS
0.833 Mev/s
120.07 FPS
0.765 Mev/s
130.69 FPS
0.685 Mev/s
145.99 FPS
0.610 Mev/s
164.07 FPS
0.583 Mev/s
171.59 FPS

1.064 Mev/s
94.01 FPS

0.871 Mev/s
114.82 FPS
0.746 Mev/s
134.09 FPS
0.667 Mev/s
149.85 FPS
0.611 Mev/s
163.56 FPS
0.545 Mev/s
183.54 FPS
0.486 Mev/s
205.69 FPS
0.435 Mev/s
229.69 FPS
0.391 Mev/s
255.87 FPS

0.518 Mev/s
192.94 FPS
0.429 Mev/s
233.35 FPS
0.355 Mev/s
281.48 FPS
0.296 Mev/s
337.74 FPS
0.247 Mev/s
405.62 FPS
0.202 Mev/s
494.96 FPS
0.165 Mev/s
607.33 FPS
0.130 Mev/s
766.57 FPS
0.104 Mev/s
963.89 FPS

Figure 12. The analysis demonstrates the relationship between light

source intensity, event camera bias settings (threshold), and data

rates, thereby illustrating how system parameters can be optimized

for different operating conditions and bandwidth requirements.

constant light intensities result in higher bandwidth per revo-

lution. For the event triggering threshold, a lower threshold

results in higher bandwidth per revolution. Because the

Prophesee EVK4 IMX636 event camera we are using has 80
Mev/s maximum event triggering, we also calculate the the-

oretical maximum FPS for each setup. The final maximum

FPS is also limited by the mechanical maximum rotation

speed, which is 30 FPS for our current device.

Ours DESCI [25] GAPTV [58]

6.65 5.80 7.30

Table 1. Comparison with CASSI-based methods. Quantitative

results with real and fake flowers.
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Figure 13. Comparison with CASSI-based methods. Qualitative

results with real and fake flowers.

7.3. Comparison with CASSI­based methods

CASSI methods often exhibit horizontal artifacts due to the

spectral-spatial encoding. Comparisons with representative

CASSI methods DESCI [25] and GAPTV [58] are shown

in Figure 13, with their SAM scores in Table 1. Our method

leverages high temporal resolution and low bandwidth prop-

erties of event cameras and constructs spectral-temporal



encoding, avoiding cross-pixel artifacts.

8. More Results

We provide comprehensive hyperspectral reconstruction re-

sults that extend beyond the examples presented in the main

text. The wavelength labels of the narrow-band images, like

‘380nm’, indicate the beginning of the spectral range.

Comparison results. In Fig. 5 of the main text, we evaluate

our method’s capability to recover high-frequency spectral

features of the vertical rainbow produced by the prism, com-

paring with ground truth, basis-based method, bandwidth-

matched frame-based method. The corresponding full hy-

perspectral reconstruction results of different methods are

shown in Fig. 14.

Results on static scenes. We include additional four ex-

amples on static scenes in Figs. 16 to 19, which contains

hyperspectral reconstruction results on white daisies, yellow

daisies, pink roses, and yellow roses, respectively. These ex-

amples highlight our system’s ability to distinguish between

subtle spectral signatures that appear identical to the human

eye.

Results on dynamic scenes. For dynamic scenes, we

present the full hyperspectral reconstruction results of the iri-

descent sticker paper under varying viewing angles in Fig. 20

corresponding to Fig. 8 in the main text. We also present

additional two new examples in Figs. 21 and 22, which show

results on a deforming colorful soft toy under manual ma-

nipulation, and a compact disc exhibiting varying spectral

responses across its reflection strip, respectively.

Video results. We also provide a supplementary video

to demonstrate the complete workflow of our system, from

hardware setup to real-time reconstruction. It includes de-

tailed visualization of the “sweeping rainbow” effect, event

generation patterns, and reconstruction results. The video

also shows real-time visualizations of our three dynamic

scenes shown in Figs. 20 to 22, effectively illustrating the

system’s capability to capture rapid spectral variations. The

video also serves to validate our claims regarding tempo-

ral resolution and system responsiveness under real-world

conditions.
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Figure 14. The full hyperspectral reconstruction results for examples in Fig. 5. Comparative analysis of spectral reconstruction on a

high-frequency rainbow pattern. Compared methods include (a) ground truth, (b) ours, (c) basis-based method, and (d) bandwidth-matched

frame-based method.
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Figure 15. The full hyperspectral reconstruction results for samples in Fig. 7. (a) Spectra of metameric samples against ground truth

measurements, highlighting the system’s ability to capture subtle spectral differences. (b) The reconstructed hyperspectral image in sRGB.

(c) Estimated hyperspectral images.
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Figure 16. Evaluation of metameric samples of real (left) and fake (right) white daisies. (a) Spectra of metameric samples against ground

truth measurements, highlighting the system’s ability to capture subtle spectral differences. (b) The reconstructed hyperspectral image in

sRGB. (c) Estimated hyperspectral images.
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Figure 17. Evaluation of metameric samples of yellow rose (left) and daisy (right). (a) Spectra of metameric samples against ground truth

measurements, highlighting the system’s ability to capture subtle spectral differences. (b) The reconstructed hyperspectral image in sRGB.

(c) Estimated hyperspectral images.
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Figure 18. Evaluation of metameric samples of real (left) and fake (right) pink roses. (a) Spectra of metameric samples against ground truth

measurements, highlighting the system’s ability to capture subtle spectral differences. (b) The reconstructed hyperspectral image in sRGB.

(c) Estimated hyperspectral images.



400 600 800 1000

Wavelength [nm]

0.00

0.25

0.50

0.75

1.00

H
yp

er
sp

ec
tra

l i
nt

en
si

ty Fake

GT
Ours

400 600 800 1000

Wavelength [nm]

0.00

0.25

0.50

0.75

1.00
Real

380 nm 400 nm 420 nm

440 nm 460 nm 480 nm 500 nm

520 nm 540 nm 560 nm 580 nm

600 nm 620 nm 640 nm 660 nm

680 nm 700 nm 720 nm 740 nm

760 nm 780 nm 800 nm 820 nm

840 nm 860 nm 880 nm 900 nm

920 nm 940 nm 960 nm 980 nm

(a)

(b) (c)

Figure 19. Evaluation of metameric samples of fake (left) and real (right) yellow roses. (a) Spectra of metameric samples against ground

truth measurements, highlighting the system’s ability to capture subtle spectral differences. (b) The reconstructed hyperspectral image in

sRGB. (c) Estimated hyperspectral images.
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Figure 20. Real-time hyperspectral imaging on a moving iridescent sticker paper. Top-left: Three consecutive estimated hyperspectral

images rendered in sRGB. Remaining panels: Corresponding estimated hyperspectral images (380-780nm, sampled at 20nm intervals).
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Figure 21. Real-time hyperspectral imaging on a deforming colorful soft toy under manual manipulation. Top-left: Three consecutive

estimated hyperspectral images rendered in sRGB. Remaining panels: Corresponding estimated hyperspectral images (380-780nm, sampled

at 20nm intervals).
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Figure 22. Real-time hyperspectral imaging on a compact disc exhibiting varying spectral responses across its reflection strip. Top-left:

Three consecutive estimated hyperspectral images rendered in sRGB. Remaining panels: Corresponding estimated hyperspectral images

(380-780nm, sampled at 20nm intervals).
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