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Fig. 1. We present a technique that uses a SPAD image sensor, recording a photon cube (as shown in the red box) to enable sensing of high-resolution
hyperspectral videos (green box) and, subsequently, inference with them (blue box). We reconstruct a hyperspectral video with width𝑊 = 768 pixels, height
𝐻 = 1024, and 𝐿 = 123 spectral bands spanning 445 nm to 910 nm, with𝑇 = 26 frames captured at a rate of 26 frames per second. Each hyperspectral frame
was reconstructed from 𝑁 = 5 binary SPAD measurements. Green box: Reconstructed hyperspectral video from the photon cube using a deep neural network.
Space–wavelength slices are cross-sections of the reconstructed 3D hyperspectral cube taken along the vertical spatial axis and the wavelength axis. The
positions of these slices are indicated by red dashed lines in the color images. Blue box: Video-rate applications on two different scenes enabled by the captured
hyperspectral video data. The first column shows illumination control performed by multiplying the illumination spectrum with the spectrally calibrated
hyperspectral video. The second column shows video rendering by multiplying the spectral sensitivity functions of different camera models. The third column
presents video-rate pixel-wise material classification results on the raw hyperspectral video.

We present Hi-SPAD, a hyperspectral imaging system that combines a push-

broom architecture with single-photon avalanche diode (SPAD) sensors to

enable high spatial, spectral and temporal resolutions under passive ambient

light. While SPAD-based spectral sensing and the pushbroom configura-

tion have been explored separately, our key contribution lies in combining

these technologies while addressing SPAD-specific challenges. We provide a
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theoretical analysis showing that, despite the heavily quantized and non-

linear nature of SPAD measurements, accurate material classification and

full-spectrum reconstruction can be achieved with exponentially decreasing

error bounds as the number of measurements increases. These results are

validated through simulations and real data from our lab prototype, estab-

lishing the feasibility of photon-counting hyperspectral video in dynamic

scenes. Additionally, we evaluate reconstruction methods for Hi-SPAD that

support robust imaging under passive ambient illumination. Our lab-built

Hi-SPAD camera enables hyperspectral video at 26 frames per second with

123 spectral channels, even under ambient lighting.

CCS Concepts: • Computing methodologies→Hyperspectral imaging;
Computational photography.
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1 Introduction
Imaging problems often have to contend with low light levels. An

extreme instance of this occurs in plenoptic imaging, where we

seek to resolve the light across the dimensions of space, time, angle,

spectrum, and polarization. Since the amount of light in any scene

is finite, resolving it across such a large number of dimensions

makes even the most favorable of situations—say, an outdoor scene

illuminated with direct sunlight—photon starved. This remains one

of the enduring challenges toward enabling tractable solutions for

sensing the plenoptic function.

In this work, we study imaging hyperspectral video (HSV), a

four-dimensional subset of the plenoptic function characterizing

how a scene’s intensity varies across space, time, and spectrum.

Even this lower-dimensional slice presents significant challenges

for sensing systems due to the signal’s high dimensionality. Consider

a megapixel image resolved across 100 spectral channels, and sensed

at 30 samples per second; this signal has a bandwidth of three billion

samples per second. When a finite amount of light incident on the

camera is resolved across these spatial, spectral, and temporal “bins,”

we can expect the average signal in each of them to be minuscule.

This is especially concerning as imaging systems have to contend

with two dominant sources of noise: read noise, which arises from

thermal effects in the electronics, and photon noise, which is a

fundamental property of light describing the stochastic nature of

photon arrivals. When the actual amount of signal is very low, both

noise sources can overwhelm the signal component.

Identifying noise as a critical challenge for video-rate hyperspec-

tral imaging raises an interesting question: would sensing with

photon-counting devices such as single-photon avalanche diode

(SPAD) sensors provide a viable operating point? These sensors can

detect the arrival of individual photons, returning binary measure-

ments—one if one or more photons are detected in a given exposure

time and zero otherwise. A key benefit of such cameras for sensing

HSVs is that their measurements are free of read noise owing to

the absence of analog-to-digital conversion. SPADs also operate at

very high time resolutions, reaching up to 100,000 binary frames

per second, thereby providing the requisite bandwidth for sensing

HSVs. Yet, despite these natural synergies, sensing such low-light

signals—especially with SPADs—must contend with photon noise,

the stochastic arrival of photons that is a fundamental property

of light. Since signal-to-noise ratio under photon noise decreases

with light level, SPAD measurements under low light levels are

highly noisy despite the absence of read noise. In addition, SPAD

measurements are extremely quantized and nonlinear—specifically,

1-bit values indicating whether one or more photons arrived. Any

proposed approach must also contend with these aspects stemming

from the unconventional nature of SPADmeasurements, all of which

require the design of novel methods.

However, photon noise has an interesting property that arises

from modeling photon arrivals as a Poisson process. The sum of

two Poisson random variables is also Poisson with a commensurate

increase in the arrival rates; hence, if we “split” a measurement

into multiple lower-exposure measurements, then we do not pay

a penalty (as long as there is no read noise and as long as we can

handle the additional bandwidth). However, this property of Poisson

variables does not naturally extend to SPAD measurements, which

are better modeled with a Binomial distribution indicating the pres-

ence or absence of photon arrivals. Under this Binomial SPAD mea-

surement model, we conceptualize basic results for a broader range

of classification and regression problems commonly studied with

HSVs. In the context of classification problems, we show that themis-

classification rate associated with a simple cosine-similarity-based

classifier decreases exponentially with the number of SPAD mea-

surements. Similarly, for regression problems, we show that the

mean squared error exhibits similar behavior. Together, this sug-

gests that even with a few photons per measurement, we can obtain

reliable estimators of spectra and accurate classification of signals

of interest. In turn, this suggests that SPAD-based sensing of HSVs

can indeed be a viable approach.

Contributions. This work develops the first scanning-based

video-rate hyperspectral imager without any spectral multiplex-

ing or compressive sensing techniques, using SPAD devices as the

sensor of choice, making the following contributions:

• We present a theoretical analysis for simple reconstruction and

classification problems, showing that errors in both cases decrease

exponentially with the number of binary hyperspectral SPAD

measurements.

• We demonstrate effectiveness through simulation experiments

with a public dataset.

• We present a high-speed hyperspectral imaging system, Hi-SPAD,

capable of capturing high-speed dynamic scenes with high spec-

tral resolution. Specifically, our lab prototype senses HSVs at a

resolution of 1024 × 768 spatial pixels, with 123 spectral bands

spanning visible and near-infrared wavelengths, at a maximum

rate of 26 frames per second.

• We evaluate our lab-built prototype on a range of scenes, both

indoors and outdoors, and across multiple applications of interest.

2 Prior Work
In this section, we review two categories of relevant literature: 1)

traditional HSI systems based on CMOS sensors, and 2) emerging

approaches using SPAD sensors for spectral measurement. This

highlights the trade-offs in classical HSI and how SPAD technology

addresses low-light and high-speed limitations.

2.1 HSI with CMOS Sensors
Conventional hyperspectral imaging relies on two broad approaches:

scanning-based and snapshot.

Scanning-Based HSI systems capture spectral data sequentially

over time (e.g., pushbroom line-scan [Arablouei et al. 2016; Lim

and Murukeshan 2015; Turner et al. 2017] or multishot capture

with tunable filters [Kurihara et al. 2020; Takamatsu et al. 2024;

Wang and Zhang 2016]). This method can achieve high spectral

resolution since many narrow bands are measured, but it requires

long acquisition times and is prone to motion artifacts in dynamic

scenes. High spectral fidelity, therefore, comes at the cost of slower

imaging speed to acquire the full hyperspectral cube.

Snapshot HSI. Snapshot imagers use a focal-plane array to collect

a full 3D hyperspectral cube in a single capture. Optical arrange-

ments (e.g., spectral filter mosaics [Cheung and Christophersen
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2023; Monakhova et al. 2020], coded aperture optics [Lin et al. 2014;

Wagadarikar et al. 2008], diffractive optical elements (DOEs) [Jeon

et al. 2019], or spatial light modulators [Saragadam et al. 2021])

encode spectral information across a 2D sensor, yielding an instan-

taneous spectral snapshot. This enables video-rate HSI of transient

events. However, snapshot techniques often sacrifice spatial or spec-

tral resolution for speed since finite sensor pixels must be divided

among many spectral channels [Hagen and Kudenov 2013].

Recent works onHSI often combine scanning-based and snapshot-

based approaches to achieve high-speed HSI with multiple encoding

measurements. For example, Aydin et al. [2025] proposed an HSI

system that employs a chromatic focal stack to achieve high-speed

HSI with ∼ 0.2 fps and 12 spectral channels. In the context of scan-

ning with active illumination, Shin et al. [2025] uses multiplexed

dispersed structured light to achieve high-speed 3D HSI (HSI + 3D

depth), with 6.6 fps and 22 spectral channels. A drawback of the

method is that it is inherently limited by the need for active illumi-

nation; the systemmust contend with ambient light and requires the

objects to be close enough to achieve sufficient signal throughput.

A fundamental trade-off in HSI systems is between resolution in

time, spatial, and spectral dimensions, and signal throughput (expo-
sure time). Capturing more and narrower bands for each dimension

means each band receives fewer photons, lowering the signal-to-

noise ratio (SNR) unless the exposure is increased. Under low-light

conditions, conventional CMOS-based HSI faces severe limitations:

when photon counts are low, the signal is overwhelmed by readout

noise. Moreover, high-speed CMOS cameras—necessary for captur-

ing video-rate HSI using scanning-based methods—tend to exhibit

elevated readout noise due to the demands of fast sensor readout,

further degrading performance under photon-limited conditions

[Baudot et al. 2009; Oxford Instruments Andor 2023].

In this study, we show that SPAD sensors can overcome this

limitation. Unlike CMOS-based systems, Hi-SPAD exploits readout-

noise-free photon counting to maintain signal fidelity under low

light without increasing exposure time, thereby achieving video-rate

hyperspectral imaging with significantly higher spectral and tempo-

ral resolution than prior approaches. As a result, our lab-prototype

Hi-SPAD camera, as shown in Figure 1, achieves full video-rate

high-dimensional HSI (megapixel images at 26 fps with 123 spectral

channels) under ambient lighting.

2.2 Computational Imaging with SPAD Sensors
SPADs are ultrasensitive detectors that trigger an avalanche cur-

rent upon detecting a single photon, producing a digital pulse for

each photon event. They effectively perform direct photon counting,
eliminating readout noise and enabling detection of extremely weak

optical signals [Niclass et al. 2008, 2005; Qian et al. 2023]. These

characteristics have made SPAD arrays a popular choice in low-light

imaging applications such as LiDAR [Callenberg et al. 2021; Gupta

et al. 2019; Lee et al. 2023; Tontini et al. 2020] and fluorescence

lifetime imaging [Mai et al. 2023; Ulku et al. 2018; Zickus et al. 2020].

Recent advances in SPAD array technology have enabled their use as

full-frame imaging sensors, opening the door to SPAD-based compu-

tational imaging systems that leverage their high-speed, noise-free

operation. For instance, Ma et al. [2020] demonstrated photon-level

burst photography using a SPAD array in passive mode, achiev-

ing high-quality intensity imaging under extreme conditions like

fast motion and ultra-low light. More recently, SoDaCam [Sundar

et al. 2023] proposed a software-defined imaging framework that

reinterprets the SPAD’s spatio-temporal binary photon detections

(photon cube) through post-processing to flexibly simulate diverse

camera designs. Beyond monochrome single-photon imaging, Ma

et al. [2023] introduced a computational photography approach

that reconstructs high-quality color images from mosaicked color-

filtered binary SPAD frames, demonstrating robustness even under

high-dynamic-range scenes with rapid motion.

In this context, our Hi-SPAD camera extends this line of work

by targeting the spectral domain. As illustrated in Figure 1, Hi-

SPAD captures the photon cube via line scanning and disperses light

spectrally along each scan line. The resulting measurement is then

processed to reconstruct video-rate hyperspectral data, making Hi-

SPAD a novel computational imaging system that enables spectral

inference under severe photon constraints.

2.3 SPAD Sensors for Spectrum Measurement
SPAD sensors in 1D arrays have been widely utilized in spectrome-

ters for point-wise spectral scanning [Erdogan et al. 2019; Krstajić

et al. 2015; Kufcsák et al. 2017; Maruyama et al. 2013]. In particular,

Erdogan et al. [2019] used a SPAD-based spectrometer for spec-

tral fluorescence lifetime imaging, employing point-wise spectral

scanning. This approach, however, is limited to slower scanning

speeds (approximately 0.11 frames per second) due to its point-wise

scanning nature. More recently, Griffiths et al. [2018] introduced a

multispectral imager that sequentially illuminated the scene with

nine LEDs of different wavelengths and captured the scene with a

SPAD image sensor for each illumination band. Similarly, Zhang

et al. [2023] proposed a snapshot hyperspectral imaging system

using a SPAD sensor and coded aperture for space target detection.

However, these approaches rely on active illumination with only a

few spectral bands or use snapshot imaging, which compromises

both the spectral and spatial resolution. While these works highlight

the potential of SPAD imagers for spectral measurement, none of

them have provided a theoretical study of how classification and

reconstruction perform under the binary, quantized measurements

endemic to SPAD sensors, nor have they shown a viable video-rate

hyperspectral imager.

Advantages of SPAD-Based HSI: Summarizing, SPAD imagers

offer several advantages over CMOS-based hyperspectral cameras.

• Low light sensitivity: SPAD sensors excel in photon-starved

conditions. They are free of readout noise and can detect individ-

ual photons, enabling reliable spectral capture where a CMOS

sensor’s noise would overwhelm the signal.

• High frame rates: SPAD arrays can be read out rapidly (e.g., up

to 100,000 binary frames per second for our lab-built prototype),

making them well-suited for video-rate hyperspectral imaging.

Such high temporal resolution allows acquiring high-dimensional

hyperspectral data without the long scan times required by typical

traditional systems, which is critical for dynamic scene analysis.

• High spectral resolution: Because of the above advantages

of SPAD, one can increase spectral resolution (narrower bands
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or more bands) without sacrificing data fidelity as severely as in

CMOS systems. Even if fewer photons are present per band, the

SPADwill register them without added read noise, so fine spectral

distinctions can still be made.

By enabling photon-counting hyperspectral imaging, SPAD-based
systems effectively address the noise and speed limitations of CMOS

sensors, paving the way for high-speed, high-resolution hyperspec-

tral imaging.

3 Theoretical Performance Analysis of Hi-SPAD
In this section, we provide a theoretical analysis of the proposed

Hi-SPAD camera by establishing error bounds for both spectrum

reconstruction and classification.

3.1 Background: CMOS vs. SPAD Measurement Models
It is important to note that the SPAD sensor measurement is not

the same as a CMOS sensor measurement without readout noise,

because its statistical nature differs from that of a CMOS sensor.

In a CMOS sensor (assuming absence of dark current noise), the

total number of photons arrived at a pixel during an exposure time

Δ𝑡 can be modeled as a Poisson random variable. Specifically, if Φ
(photons/sec) denotes the mean photon flux at that pixel, then over

time Δ𝑡 the expected photon count is ΦΔ𝑡 , and the observed count

can be modeled as:

𝐿 ∼ Poisson

(
ΦΔ𝑡

)
. (1)

However, due to the analog nature of CMOS, the measured signal

contains additive readout noise stemming from voltage fluctuations

of electronic components:

𝐼CMOS = min

(
𝐿 + 𝑛ro, 𝐶FWC

)
, where 𝑛ro ∼ N(0, 𝜎ro), (2)

where𝐶FWC denotes the full-well capacity of the CMOS pixel. Thus,

when the light level (ΦΔ𝑡 ) is low, the desired signal (𝐿) is often

buried under the readout noise (𝑛ro), while at high flux levels the

measurement saturates once the accumulated charge reaches 𝐶FWC

[Hasinoff et al. 2010]. In contrast, SPADs do not suffer from readout

noise, their dynamic range is not limited by well-capacity of the

sensor, and increases with overall exposure time [Ingle et al. 2019].

From Poisson Process to Binomial Model in SPAD. A SPAD sensor,

however, operates differently: each detection event is triggered by

the first photon arrival within a short gating time. Concretely, rather

thanmeasuring a total photon count over exposure time (Eq. (1)), the

SPAD is run in a series of short “frames,” each of duration Δ𝑡 ′; note
that Δ𝑡 ′ is often extremely short, on the order of a fewmicroseconds.

In each frame, the SPAD records either one arrival (if at least one
photon arrives) or no arrival.

Let 𝑝 be the probability that at least one photon arrives in a single

frame of duration Δ𝑡 ′. Since arrivals are Poisson with rate Φ, the
probability of zero arrivals is exp(−ΦΔ𝑡 ′). Thus,

𝑝 = 1 − 𝑒−ΦΔ𝑡 ′ . (3)

If we collect 𝑁 such frames, the SPAD measurement is the number

of frames that detected at least one photon. Each frame is an inde-

pendent Bernoulli trial with success probability 𝑝 , so the overall

measurement (neglecting dark current) follows a Binomial distribu-

tion:

𝐼𝑆𝑃𝐴𝐷 ∼ Binomial(𝑁, 𝑝 = 1 − 𝑒−ΦΔ𝑡 ′ ). (4)

Equation (4) succinctly captures the difference between CMOS

and SPAD measurements. In the CMOS model, each pixel integrates

the total photon arrivals over Δ𝑡 , yielding a Poisson random variable.

By contrast, a SPAD in “photon-counting” mode counts how many

short frames had at least one photon arrival, resulting in a Binomial
random variable whose parameter is set by the probability of de-

tecting an arrival in each short frame. Owing to the direct digital

conversion of photon arrivals, SPAD measurements are free from

additive readout noise.

3.2 The Hi-SPAD Measurement Model
Building on the distinction betweenCMOS and SPADmeasurements,

we now formulate the Hi-SPAD measurement model, which extends

photon-counting statistics to hyperspectral video capture with a

pushbroom architecture. Let ℎ(𝑥,𝑦, 𝜆, 𝑡) denote the hyperspectral
intensity of a scene at spatial location (𝑥,𝑦), wavelength 𝜆, and time

𝑡 . The Hi-SPAD camera captures this 4D signal using a classical

pushbroom scanning mechanism, where each frame of the SPAD

sensor measures the spectrally dispersed light from a single scan

line. Over time, sequential line scans across the scene reconstruct

the full hyperspectral video cube.

Formally, the hyperspectral cube at a fixed time 𝑡 can be written

as:

I ∈ R𝐻×𝑊 ×𝐿,

where 𝐻 and𝑊 denote the spatial dimensions, and 𝐿 is the number

of spectral channels.

Each pixel (𝑥,𝑦) in the spatial domain is associated with a raw

spectral vector:

s𝑥,𝑦 =


I(𝑥,𝑦, 𝜆1)
I(𝑥,𝑦, 𝜆2)

.

.

.

I(𝑥,𝑦, 𝜆𝐿)


.

We define the normalized spectral profile as:

d =
s𝑥,𝑦

max𝑛 s𝑥,𝑦 [𝑛]
,

where d ∈ R𝐿
and max𝑛 d[𝑛] = 1. If the maximum photon rate

across all spectral channels at the pixel is Φ, the photon rate at each

spectral channel 𝑛 is given by Φ ·d[𝑛]. As we derived in the previous

section, the probability of at least one photon arrival at channel 𝑛

over Δ𝑡 ′ is
p[𝑛] = 1 − exp

(
−Φ d[𝑛] Δ𝑡 ′

)
. (5)

Defining

Φ0 = ΦΔ𝑡 ′, (6)

we obtain

p[𝑛] = 1 − exp

(
−Φ0 d[𝑛]

)
. (7)

If 𝑁 binary frames are captured, the total SPAD measurement at

channel 𝑛 is the number of frames in which at least one photon was

detected at that channel. Thus,

y[𝑛] ∼ Binomial

(
𝑁, p[𝑛] = 1 − 𝑒−Φ0 d[𝑛]

)
, 𝑛 = 1, . . . , 𝐿. (8)
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(b) Measured spectrum 𝑁 = 5
at a pixel 231, 121

5 frames detected 
a photon

2 frames detected 
a photon

(a) Raw Hi-SPAD HSI (𝑁 = 5)
𝑦

𝑥

𝜆RGB

Fig. 2. Example of Hi-SPAD measurement captured by the lab-built proto-
type. (a) Single hyperspectral cube, captured with 𝑁 = 5 binary frames. The
color image at the bottom left of the cube is rendered from the HSI cube. In
the middle of the cube, we show a single channel image at wavelength of
400 nm. (b) Spectrum measurement from a single pixel of the hyperspectral
cube, denoted as y in Eq. (8). Intensity values at each spectral channel in-
dicate the number of frames in which at least one photon was detected at
that channel.

Figure 2 shows an example of Hi-SPAD measurement captured by

our lab-built prototype.

Remark. From Eq. (8), we can notice the SPADmeasurement itself

is a non-linear function of the true spectrum Φ0 d. Specifically, the
expected value of the Hi-SPAD measurement is

E[y[𝑛]] = 𝑁
(
1 − 𝑒−Φ0 d[𝑛]

)
≠ 𝑁 Φ0 d[𝑛] . (9)

The bias arises because the SPAD measurement counts whether

each short exposure contains at least one photon arrival, not a

direct photon count. When the incident rate of photons is very low,

1 − 𝑒−Φ0 d[𝑛] ≈ Φ0 d[𝑛], and E[y[𝑛]] ≈ 𝑁 Φ0 d[𝑛],
and the bias goes away. This statistical property has been similarly

observed in passive free-running SPAD imaging [Ingle et al. 2019],

where inter-photon timing estimators become linear at low flux.

Moreover, analogous phenomena have been reported in quanta im-

age sensors [Gnanasambandam et al. 2019]. This statistical property

is important in the design of the following classifiers and recon-

struction techniques.

3.3 Analysis of Classification Performance
Material classification has long been one of the primary applications

for spectrum measurement [Erickson et al. 2018; Hege et al. 2004;

Ilehag et al. 2019; Lee and Sankaranarayanan 2024]. We now analyze

the performance of cosine classifiers under a SPAD measurement

model. Cosine similarity–based classifiers have been widely used in

hyperspectral image analysis [Ahmad and Mazzara 2024; Galal et al.

2012; Zou et al. 2019]. The idea is simple: spectra are treated as high-

dimensional vectors, and classification is performed by comparing

the angle between a measured spectrum and reference spectra from

a dictionary. Because cosine similarity depends only on the relative

orientation of spectral vectors rather than their absolute magni-

tude, it is robust to variations in illumination intensity and sensor

gain. Our choice of cosine classifiers is motivated by their simplic-

ity, which enables tractable analysis; although they do not model

spatial relationships in material composition, they provide a useful

baseline as well as important insights into classification using SPAD

measurements.

Suppose that we have a dictionary D = {d1, . . . , d𝑀 } consisting
of reference spectra for the materials of interest; we assume that

each d𝑖 is unit norm, i.e.,

∥d𝑖 ∥2 = 1.

A simple approach to classifying materials in a scene is to compare

the spectrum at each spatial location (or pixel) to that of a dictionary

of reference spectra for each material. Since we are classifying each

pixel in isolation, for the rest of the discussion, we ignore all ref-

erences to spatial location, and only consider the spectrum profile.

Let d𝑘 be the true (but unknown) spectrum at the pixel under con-

sideration. The Hi-SPAD camera provides us with a measurement

of the form:

y[𝑛] ∼ Binomial

(
𝑁, 1 − 𝑒−Φ0 d𝑘 [𝑛]

)
, 𝑛 = 1, . . . , 𝐿, (10)

where Φ0 indicates the light level during the exposure time for each

SPAD frame. Our goal is to design a classifier based on 𝑦 [𝑛] and
analyze its performance.

Exponentially Transformed Spectrum Dictionary. Given that the

Hi-SPAD measurement is a biased measurement of the true spec-

trum, we propose an exponential transformation of the reference

spectra to enhance classification performance.

We define the exponentially transformed dictionary as

p𝑖 =
1 − 𝑒−Φ0 d𝑖

∥1 − 𝑒−Φ0 d𝑖 ∥
, 𝑖 = 1, . . . , 𝑀. (11)

Now our measurement is modeled as

y ∼ Binomial

(
𝑁, 𝛼𝑘 p𝑘

)
, (12)

with

𝛼𝑘 = ∥1 − 𝑒−Φ0 d𝑘 ∥ . (13)

Note that now the measurement is an unbiased measurement of the

transformed true spectrum p𝑘 with the scale factor 𝑁 𝛼𝑘 :

𝐸 [y] = 𝑁 𝛼𝑘 p𝑘 . (14)

We can assign the measurement y to the material whose reference

spectrum yields the highest cosine similarity as follows:

ℓ = arg max

𝑗
⟨y, p𝑗 ⟩. (15)

This classifier fails in identifying the 𝑘-th material as the correct

one, if

∃ 𝑗 ≠ 𝑘, ⟨y, p𝑘 ⟩ < ⟨y, p𝑗 ⟩ =⇒ ∃ 𝑗 ≠ 𝑘, ⟨y, p𝑘 − p𝑗 ⟩ < 0.

We now analyze the probability of misclassification under the Hi-

SPAD measurement model.
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3.3.1 Bound for Misclassification Probability. We define the simi-

larity score as

𝑆 𝑗 = ⟨y, p𝑗 ⟩, (16)

and characterize the term

𝑒 𝑗 = 𝑆𝑘 − 𝑆 𝑗 = ⟨y, p𝑘 − p𝑗 ⟩. (17)

Since misclassification occurs when 𝑒 𝑗 ≤ 0, our goal is to derive

bounds on the probability 𝑃 (𝑒 𝑗 ≤ 0).

Theorem 3.1 (Exponential Decay via Exponential Transfor-

mation). LetD = {d1, . . . , d𝑀 } be a dictionary of normalized spectra
and define the exponentially transformed dictionary as

p𝑖 =
1 − 𝑒−Φ0 d𝑖

∥1 − 𝑒−Φ0 d𝑖 ∥
, 𝑖 = 1, . . . , 𝑀. (18)

Then, the misclassification probability associated with the cosine-
similarity classifier (using the transformed dictionary) satisfies

Pr{𝑒 𝑗 < 0} ≤ exp

{
−𝑁 ∥1 − 𝑒−Φ0 d𝑘 ∥ (1 − cos𝜃 )

𝐿 max𝑛

��p𝑘 [𝑛] − p𝑗 [𝑛]
��

}
, (19)

where cos𝜃 = ⟨p𝑘 , p𝑗 ⟩ and 𝐿 is the number of spectral channels. In
particular, the misclassification probability decays exponentially with
the number of measurements 𝑁 .

Sketch of Proof. The proof follows a similar strategy to the

low flux case by applying a Chernoff bound to the difference in

cosine similarity scores. However, after the exponential transfor-

mation, the Hi-SPAD measurement acts as an unbiased estimator

for the transformed spectrum. Analyzing the corresponding MGF

and choosing an appropriate Chernoff parameter 𝑠 > 0 yields the

stated bound. (Detailed steps are provided in the Supplementary

Material.) □

Remark. The exponential transform of the spectrum dictionary

ensures an exponentially decreasing misclassification probability for

all light levels, including the high-flux regimewhere the nonlinearity

of the SPAD measurement is significant. However, the transformed

dictionary requires additional information about the effective light

level Φ0 for constructing the exponential transform of dictionary.

From the bound in Eq. (19), we note that the misclassification

probability decays faster when (1) the cosine similarity between the

true spectrum of themeasurement and the reference spectrum, cos𝜃 ,

is smaller, and (2) the number of spectral channels, 𝐿, is smaller. The

dependence on the effective light level Φ0 is more subtle: increasing

Φ0 increases ∥1 − 𝑒−Φ0d𝑘 ∥, but it also changes the transformed

spectra p𝑘 and p𝑗 (and hence cos𝜃 and max𝑛 |p𝑘 [𝑛] − p𝑗 [𝑛] |), so
the overall decay rate can either improve or degrade depending on

how the transformed dictionary separation varies with Φ0.

Corollary 3.2 (LowFluxApproximation). In the low-flux regime,
the exponential transformation of the dictionary is not necessary. As
noted earlier, when the incident rate of photons is extremely small,

1 − 𝑒−Φ0 d𝑘 ≈ Φ0 d𝑘 ,

and hence p𝑖 , as defined in Eq. (11) is identical to d𝑖 . Under this setting,
the cosine classifier in Eq. (15) can be analyzed by looking at the score

𝑆 𝑗 = ⟨y, d𝑗 ⟩, (20)

which is simply the direct cosine similarity between the measurement
and the reference spectrum.

3.4 Analysis of Reconstruction Performance
Beyond classification, reconstructing the full spectrum from HSI

measurements is another important application. Based on the statis-

tical properties of SPAD measurements, we analyze the reconstruc-

tion performance.

Log-Transformed Estimator. Given that the Hi-SPAD measure-

ment is a nonlinearly biased measurement of the true spectrum, we

propose a log-transformed estimator, which is the maximum likeli-

hood estimator (MLE) for the true spectrum. The log-transformed

estimator is as follows:

d̂[𝑛] = − 1

Φ0

ln

(
1 − y[𝑛]

𝑁

)
. (21)

It is worthwhile to note that this log-transform estimator is the MLE

for d[𝑛]. Let’s consider the Binomial likelihood

𝐿
(
d[𝑛]

)
=

(
𝑁

y[𝑛]

) [
1 − 𝑒−Φ0 d[𝑛]

]y[𝑛] [
𝑒−Φ0 d[𝑛]

] 𝑁−y[𝑛]
. (22)

Taking the natural logarithm and dropping the constant term ln

( 𝑁
y[𝑛]

)
gives the log–likelihood

ℓ
(
d[𝑛]

)
= y[𝑛] ln

(
1 − 𝑒−Φ0 d[𝑛]

)
− (𝑁 − y[𝑛]) Φ0 d[𝑛] . (23)

Differentiating ℓ
(
d[𝑛]

)
with respect to d[𝑛] and setting the deriva-

tive to zero yields

y[𝑛] Φ0 𝑒
−Φ0 d[𝑛]

1 − 𝑒−Φ0 d[𝑛]
− (𝑁 − y[𝑛]) Φ0 = 0. (24)

After rearrangement, this condition is equivalent to

𝑒−Φ0 d[𝑛] = 1 − y[𝑛]
𝑁

, (25)

or

d[𝑛] = − 1

Φ0

ln

(
1 − y[𝑛]

𝑁

)
, (26)

proving that the log-transformed estimator is the MLE for d[𝑛].

3.4.1 Bound for Mean Squared Error.

Theorem 3.3 (Exponential Error Decay via Log-Transform).

In the general setting (no assumption on the light level), our measure-
ment is modeled as

y[𝑛] ∼ Binomial

(
𝑁, 1 − 𝑒−Φ0 d[𝑛]

)
. (27)

Let’s define the log-transform estimator

ˆd[𝑛] = − 1

Φ0

ln

(
1 − y[𝑛]

𝑁

)
. (28)

Then there exists 𝜅𝑛 > 0 such that

𝑃

(��ˆd[𝑛] − d[𝑛]
�� ≥ 𝜖

)
≤ 2 exp

(
−𝜅𝑛 𝑁

)
. (29)

Moreover, the same union bound argument implies exponential decay
of the overall ℓ2 error across all 𝐿 channels.
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Sketch of Proof. The event { ˆd[𝑛] −d[𝑛] ≥ 𝜖} can be rewritten

in terms of y[𝑛] ≥ 𝑁 (1+𝛿) (1−𝑒−Φ0 d[𝑛] ) for some 𝛿 > 0. A Chernoff

bound on y[𝑛] then yields an exponential tail. The detailed proof

appears in the Supplementary Material. □

Corollary 3.4 (Extension to All Channels). If ˆd[𝑛] is defined
as above for each 𝑛 = 1, . . . , 𝐿, then a union bound implies

𝑃

(
max

1≤𝑛≤𝐿

��ˆd[𝑛] − d[𝑛]
�� ≥ 𝜖) ≤

𝐿∑︁
𝑛=1

2 exp

(
−𝜅𝑛𝑁

)
≤ 2𝐿 exp

(
−𝜅𝑁

)
,

(30)

where 𝜅 = min𝑛 𝜅𝑛 . In particular, the ℓ2 error also decays exponen-
tially:

∥ ˆd − d∥2 ≤ 𝐿 max

𝑛

��ˆd[𝑛] − d[𝑛]
��2 . (31)

Corollary 3.5 (Low Flux Approximation). Under the low flux
regime, the log-transformed estimator becomes approximately scaled
estimator: Given that 𝑦/𝑁 is very small,

ln

(
1 − y[𝑛]

𝑁

)
≈ −y[𝑛]

𝑁
, (32)

and the log-transformed estimator becomes approximately a scaled
estimator:

d̂[𝑛] ≈ y[𝑛]
Φ0 𝑁

. (33)

3.5 Validation of the Theoretical Results
To validate the presented theoretical results as well as provide a

comparison against a conventional CMOS sensor, we conducted

simulation-based experiments using the USGS spectrum dataset

[Kokaly et al. 2017].

3.5.1 Validation of Classification Performance. We simulated the

Hi-SPAD measurements for each spectrum in the USGS dataset

following Eq. (10) and applied the cosine classifier with both the

unaltered and exponentially transformed dictionaries. The misclas-

sification accuracy for both dictionaries at different light levels is

shown in the top row of Figure 3. We define ‘Max Photon Count’

as the maximum number of photons that can be detected by the

SPAD sensor in a single frame. The results demonstrate that the

misclassification probability decays exponentially with the num-

ber of measurements only for low light levels (max photon count

= 0.1) when we compute the similarities with the unaltered dictio-

nary. Meanwhile, the exponentially transformed dictionary achieves

exponential decay for both low and high light levels (max photon

count = 10). The result could be intuitively understood in the bottom

row of Figure 3 where we can see that the Hi-SPAD measurement is

an unbiased estimator of the exponentially transformed spectrum

rather than the true spectrum when the max photon count is 10.

Due to the increased bias in Hi-SPAD measurements at high light

levels, the misclassification probability remains at 1 (100%) even

with an increased number of measurements. The results validate

Theorem 3.1.

(b) Max Photon Count = 10 (a) Max Photon Count = 0.1 

Fig. 3. Classification comparison between direct cosine classification on
original spectra ("No Transformation") and exponentially transformed spec-
tra for low light levels (max photon count = 0.1) and high light levels (max
photon count = 10).

(a) Scaled Estimator (b) Log-Transformed Estimator

Fig. 4. Reconstruction error (MSE) with simulated Hi-SPAD measurements.
The scaled estimator produces exponentially decaying error only for low
light levels, while the log-transformed estimator shows exponential decay
for all light levels.

3.5.2 Validation of Reconstruction Performance. To validate our

theory on the spectrum estimation, we conducted experiments for

true spectrum reconstruction with the USGS dataset. Each Hi-SPAD

measurement was generated and applied to the scaled estimator

and log-transformed estimator. Figure 4 presents the computed

normalized MSE (NMSE) for each estimator with 3 different light

levels. The NMSEwas computed for every 10 measurements for each

spectrum in the dataset. As shown in the figure, the log-transformed

estimator shows exponential decay of the error with the number

of measurements for all light levels, while non-decaying error is

observed for the scaled estimator when max photon count is 10.

This result validates Theorem 3.3.

3.5.3 Comparison with Simulated Conventional CMOS Sensor. Along
with Hi-SPAD measurements, we also simulated a CMOS baseline

and evaluated cosine classification performance. We modeled CMOS

measurements as Gaussian, with mean equal to the true spectrum
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Fig. 5. Classification accuracy comparison between simulated SPAD and
CMOS sensor measurement for different number of 1-bit frames (𝑁 ). For
CMOS sensor, we computed cosine angle directly on the measurement while
for SPAD sensor we computed cosine angle with exponentially transformed
dictionary. Exposure time for CMOS sensor was set as 𝑁 times of max
photon count to assure the equal exposure time for both sensors.

and variance determined by the sensor readout noise. To match the

video-rate operation of our Hi-SPAD prototype with pushbroom

acquisition, a CMOS-based line-scanning system would need to

capture one frame per scanned column. With𝑊 = 768 columns per

hyperspectral cube and 26 cubes per second, the required sensor

frame rate is𝑊 × 26 ≈ 2.0× 10
4
frames per second. Such acquisition

rates are beyond the operating regime of typical CMOS cameras for

general purpose imaging. Therefore, for the CMOS comparison we

use a readout-noise standard deviation of 24 𝑒− , consistent with a

state-of-the-art high-speed CMOS camera capable of operation at

the required frame rate of ∼ 20,000 fps [Pha 2025].

The classification accuracy comparison with different number

of binary frames (𝑁 ) for SPAD sensor and corresponding CMOS

sensor is shown in Figure 5. For SPAD sensor measurement, we

computed cosine angle with exponentially transformed dictionary

while for CMOS sensor measurement it was computed with unal-

tered dictionary; because the CMOS measurement is an unbiased

estimator for the true spectrum. Exposure time for CMOS sensor

was set as 𝑁 times of max photon count to assure the equal expo-

sure time for both sensors. As shown in the figure, classification

with Hi-SPAD measurements outperforms CMOS measurements

under low-light conditions, where readout noise dominates the

signal in CMOS sensors. As the light level increases (𝑁 times the

maximum photon count for CMOS), the classification accuracy of

CMOS measurements improves due to the higher SNR, while Hi-

SPAD accuracy begins to decline because of the saturation effect in

SPAD-based spectral measurements (where values are capped at 𝑁 ).

Consequently, CMOS eventually surpasses Hi-SPAD in bright-light

settings. As discussed in Section 2.1, capturing video-rate HSI with

high spatial and spectral resolution is fundamentally a low-light

imaging problem. These results highlight the advantages of SPAD

sensors over high-speed CMOS sensors for enabling practical HSV

cameras without compromising the spatial and spectral resolution.

4 Hardware Prototyping and Evaluation
In this section, we present the design of the Hi-SPAD camera, a

high-speed hyperspectral imaging system that leverages the single-

photon sensitivity of SPAD sensors in combination with a line scan-

ning mechanism.

4.1 Hardware Design
Our hardware prototype is built on a pushbroom camera architec-

ture with a Vialux DLP7000 Digital Micromirror Device (DMD) for

programmable line scanning and integrates a Pi Imaging SPAD 512

sensor to enable video-rate hyperspectral imaging under photon-

limited conditions. Figure 6 showcases our lab-built prototype of

the Hi-SPAD camera, with a list of specific components detailed in

the supplemental material.

The line-scanning HSI acquisition process with a DMD is as

follows. The light coming from the scene is focused on the DMD

through an objective lens and a 4f relay system. Then the DMD

selectively reflects a single column of the focused image by flipping

a corresponding single column of micromirrors toward the imaging

arm. The DMD that we used flips its micromirrors along their diag-

onal, deflecting the optical axis off the horizontal plane; to resolve

this, we tilted the DMD and the SPAD sensor by 45
◦
.

We place a spectral disperser between the DMD and the SPAD

sensor. We designed a grism, a combination of a transmission grat-

ing and a prism [Bowen and Vaughan 1973], to simplify the overall

alignment and avoid additional skew in the optical axis; specifi-

cally, we used a transmissive grating with 70 grooves/mm and a

prism with a wedge angle of 5.22
◦
, so that light at 668nm pass

through undeflected. With this, the reflected light from the DMD

first reaches the grating, where the dispersion is performed, and

the prism redirects the first-order dispersion to the desired location

on the sensor. A closer look at the captured column-wise dispersed

images is shown in the first row of Figure 7. By sequentially display-

ing columns on the DMD and capturing the spectrally dispersed

images of each column, we can acquire the data for reconstructing

the hyperspectral cube.

The spatial and spectral dimensions of the hyperspectral cube are

determined by the DMD, SPAD sensor resolution, and optical mag-

nification. The DMD ( 1024× 768 micromirrors) serves as the spatial

scanning interface, while the SPAD sensor ( 512 × 512 pixels) cap-

tures the spectrally dispersed light from each selected column. The

magnification was chosen so that all 1024 DMD rows are mapped

onto the 512-pixel height of the SPAD sensor. The horizontal axis of

the SPAD sensor is reserved for spectral dispersion, with 123 pixels

allocated for dispersion, yielding 123 spectral channels. To avoid

overlap between first- and second-order diffraction, we computed

the angular separation of the disperser and restricted the usable

spectrum with a bandpass filter, resulting in an operational range

of 445 nm to 910 nm. While the 768 DMD columns are preserved

through sequential scanning, the vertical dimension is limited by

the SPAD resolution. The 1024 DMD rows are optically compressed

onto 512 SPAD pixels, leading to an effective spatial resolution of

512 × 768 in the reconstructed hyperspectral cube.

As a final step, hyperspectral video is captured by repeating the

above process for each hyperspectral frame, exploiting the high
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Reconstruction 

Single frame from raw 
hyperspectral video
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Fig. 6. The overall process of Hi-SPAD. Top left figure shows the lab-built prototype of the Hi-SPAD camera. The top right figure shows displayed mask patterns
on the DMD for line scanning and capture of dispersed image with SPAD camera. Bottom figure shows the reconstruction process of the full hyperspectral
cube from the SPAD measurement.

frame rates of the DMD and SPAD sensor. The maximum speed

of the DMD is 20,000 patterns per second and the SPAD sensor is

100,000 binary frames per second; the fastest (and noisiest) cap-

ture per single column is five 1-bit frames at 20,000 fps. With this

operation, the system can acquire 26 fps hyperspectral video with

123 spectral channels in the wavelength range of 445 nm to 910 nm.

More details of the hardware operation are described in the supple-

mentary material.

4.2 Spectral Calibration and HSI Reconstruction
Figure 7 shows the captured spectrally dispersed images of the

sequence of DMD patterns and captured images when a monochro-

matic light source is illuminated onto the DMD with a dot-column

pattern used for calibration. We define a mapping function 𝐹 that

relates the opened DMD pixel coordinates (𝑥
dmd

, 𝑦
dmd

) and wave-

length (𝜆) to the corresponding SPAD sensor coordinates:

(𝑥img, 𝑦img) = 𝐹 (𝑥dmd
, 𝑦

dmd
, 𝜆) . (34)

From the images in the second row of Figure 7, we detected pixel

locations of dots corresponding to first-order dispersion and built a

dataset of the DMD pixel coordinates and the corresponding SPAD

sensor coordinates under different wavelengths: An approximation

𝐹 of 𝐹 is then obtained by least-squares fitting on the calibration

dataset. Using the obtained mapping function 𝐹 , the hyperspectral

cube is reconstructed by remapping the pixel-wise SPAD measure-

ments to pixel coordinates of the DMD at the corresponding wave-

length channels. More details of the calibration process are provided

in the supplementary material.

Since the SPAD sensor is highly sensitive to photon-level signals,

stray light can easily contaminate measurements. Despite enclos-

ing the setup with black cloth and cardboard to block stray light,

scene light passing through the objective lens can still reflect off the

DMD and reach the SPAD sensor, even when an all-zero pattern is

displayed (i.e., all micromirrors are directed away from the imaging

path). As shown in the top left corner of Figure 8, this back-reflected

light triggers consistent sensor activations. During line scanning,

this appears as spatially translating bright spectral peaks, resulting

in rainbow-like streaks in the reconstructed RGB image or persis-

tent bright pixels in individual monochromatic bands. To mitigate

stray-light artifacts, we apply background subtraction. Using the

calibrated mapping, we first mask out the first-order dispersion

region and estimate a background image by averaging the remain-

ing pixels, which are dominated by stray light. This background is

then subtracted from each column-wise raw measurement to obtain
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Fig. 7. Images captured by SPAD camera with column-wise DMD patterns.
First row shows the column-wise dispersed images of the scene illuminated
by broadband light source. Each diffraction order that lies on the sensor is
labeled. The 1st order dispersion is only employed for HSI reconstruction.
Second row shows the captured images with 400

th dot-column pattern on
DMD directly illuminated by monochromatic light source with different
wavelengths for spectral calibration of the Hi-SPAD camera. Calibration
process is described in Section B.2.

the corrected image. Through this method, we avoid capturing a

separate background image for each acquisition, which would add

additional time to the capture process and slow down the frame rate.

The bottom row of Figure 8 illustrates the effect: after background

subtraction, rainbow streaks and spurious bright pixels are substan-

tially reduced, even under extreme low-light conditions captured

using the smallest aperture setting. More details are provided in the

supplement section.

4.3 Spectrum Reconstruction Methods
We have shown that the log-transformed estimator is the MLE for

the true spectrum and provides exponential error decay with an

increasing number of measurement frames. However, under the low-

flux regime such as hyperspectral video capture, the log-transformed

estimator may not be the best choice. In the scenario of video-rate

capture (small number of frames𝑁 ) with a low probability of photon

arrival such as an indoor scene, the number of detected photons is

very sparse and highly quantized, as shown in the rawmeasurement

of our lab-built prototype in Figure 6. Thus, we propose multiple

methods to reconstruct the full spectrum from the noisy SPAD

measurements and compare the reconstructed spectra with the

ground truth spectrum.

Low-Rank Denoising. The second method applies low-rank de-

noising to the Hi-SPADmeasurements. Hyperspectral data are often

well-approximated by a low-dimensional subspace because material

spectra can be represented using a small number of underlying basis

components. This low-rank prior has been widely adopted in hyper-

spectral image denoising [Chen et al. 2024; Fan et al. 2019; Zhuang

et al. 2021]. In our implementation, we reshape the hyperspectral

SPAD view for all-zero pattern on DMD Process for background subtraction

Reconstructed RGB image 620nm
Before After Before After

1) Mask out mode 1

2) Average and scale

Background image

Mode 1 dispersion

Lin
e 
sc

an
ni

ng

3) Subtract 

Fig. 8. Background subtraction for removing stray light artifacts. Top right
corner shows the SPAD camera view with all-zero pattern displayed on
the DMD. Top left corner shows the process of background subtraction.
Bottom shows the comparison of the raw HSI cube and the background
subtracted HSI cube for the scene with low-light condition captured with
smallest aperture of the objective lens. After the background subtraction,
the rainbow streaks in the reconstructed RGB image and the bright pixels
in the monochromatic channel are significantly reduced.

cube into a matrix by stacking all pixel spectra as column vectors.

We then perform Singular Value Decomposition (SVD) on this ma-

trix and retain only the top 𝑟 singular components. The denoised

spectral matrix is reconstructed using these leading singular values

and corresponding singular vectors, effectively suppressing noise

while preserving the dominant spectral structure.

Super-Pixel Rank-1 Denoising. We further exploit local spectral

redundancy by assuming that neighboring pixels within a homo-

geneous region share the same spectral shape up to a scale fac-

tor. Following the super-pixelated HSI prior in [Saragadam et al.

2021], we first form a guidance image by averaging the hyper-

spectral cube across wavelengths, lightly smooth it to suppress

noise while preserving edges, and then segment it into super-pixels

(We compute super-pixels using the quickshift algorithm from

the scikit-image library (skimage.segmentation.quickshift).)
For each super-pixel, we stack the spectra of its pixels into a matrix

and compute a rank-1 approximation (via SVD), which enforces a

single dominant spectral signature per region while allowing per-

pixel scaling.

Pixel-Wise Reconstruction Network. To exploit the learnable prior

from public dataset, we trained a pixel (spectrum)-wise reconstruc-

tion network on the USGS spectrum dataset. After preprocessing,

we obtained a dataset with 1797 spectra with unique material labels.

, Vol. 1, No. 1, Article . Publication date: June 2026.



Hi-SPAD: Video-Rate Hyperspectral Imaging and Inference with Single-Photon Cameras • 11

We cropped each spectrum to the range of 380 nm to 1000 nm (total

621 channels) where our SPAD sensor in the prototype Hi-SPAD

camera operates, and normalized to have unit ℓ2 norm. Then we

downsampled the spectrum to 123 channels to match the number

of channels of Hi-SPAD. The network has autoencoder architecture

with 1D convolutional layers and takes the Hi-SPAD measurement

as input and outputs the reconstructed spectrum. Raw Hi-SPAD

measurements were simulated with randomly selected values of

𝑁 and light levels every epoch in training phase, and the network

was trained to minimize the mean squared error between the recon-

structed spectrum and the ground truth spectrum.

Patch-Wise Reconstruction Network. The last method is a patch-

wise reconstruction network trained on simulated data derived from

the ICVL hyperspectral image dataset [Arad and Ben-Shahar 2016].

We selected 50 hyperspectral images from the dataset, downsam-

pled the spectral dimension to 123 bands to match the Hi-SPAD

configuration, and used them for training and validation. As in the

pixel-wise reconstruction network, the raw Hi-SPADmeasurements

were simulated during training by sampling from the corresponding

Binomial measurement model.

The network operates on hyperspectral patches of size 64 ×
64 × 123 (width×height×bands) and outputs the reconstructed de-

noised patch. We adopt the Hybrid Spectral Denoising Transformer

(HSDT) architecture [Lai et al. 2023], a state-of-the-art HSI denois-

ing model that combines convolutional inductive bias with spectral

self-attention. Specifically, HSDT follows a hierarchical U-shaped

encoder–decoder structure with skip connections and integrates (i)

spectral–spatial separable convolution (S3Conv) for efficient local

feature extraction, (ii) guided spectral self-attention (GSSA) for mod-

eling long-range inter-band dependencies, and (iii) self-modulated

feed-forward networks (SM-FFN) for adaptive feature refinement.

These components allow the model to jointly capture spatial cor-

relation and global spectral structure. Compared to the pixel-wise

approach, the patch-wise reconstruction network exploits spatial

correlation and cross-pixel spectral consistency. More architectural

and implementation details can be found in the original HSDT paper

[Lai et al. 2023].

4.4 Prototype Evaluation
To evaluate the spectral resolution of the lab-built Hi-SPAD cam-

era, we illuminated a close object with monochromatic lasers of

different wavelengths, then captured the hyperspectral image of the

scene. For each capture, we illuminated the same spatial region to

ensure the imager’s ability to capture spectral peaks consistently.

We then computed the Full Width at Half Maximum (FWHM) of

spectral peaks in the spectra averaged over the pixels of the illumi-

nation spots for each wavelength. The result is shown in Figure 9.

Because of differing laser powers and the wavelength-dependent

spectral sensitivity of our lab prototype, the spectral peaks are not

identical. Resolution notably decreases in the NIR wavelengths. We

attribute this to the incomplete spectral response of our optics, such

as compound lenses.

As a proof of concept, we captured the hyperspectral image of the

scene of different light sources with distinct spectrum and recon-

structed the spectrumwith one of the proposed methods, patch-wise

450, 635, 830nm

532, 780nm
450nm
FWHM 

= 4.65nm

635nm
FWHM = 5.60nm 830nm

FWHM 
= 9.55nm

780nm
FWHM 

= 8.36nm

532nm
FWHM 

= 6.75nm

Fig. 9. Spectral resolution analysis. Left figure shows the scene with com-
pounded laser illumination, and right figure plots averaged spectra over
the illumination spots. Full Width at Half Maximum (FWHM) was com-
puted for each spectral peak. Because of the distinct power of the laser and
wavelength-dependent spectral sensitivity of our lab-prototype, peaks of
the spectrum are not identical.

reconstruction network. Each hyperspectral image with different

numbers of 1-bit frames was computed by averaging different num-

bers of frames from the hyperspectral video for the static scene with

a 10 µs exposure time per frame. The result is shown in Figure 10

(a). In the spectrum plots, we show the spectrum of captured HSI

with different numbers of 1-bit frames. Notably, the reconstructed

spectra from the sparsest measurement 𝑁 = 5 are very close to the

spectra from the dense measurement 𝑁 = 502. In the Figure 10 (b),

we compare the captured spectra of two Incandescent light sources,

one LED and one Compact Fluorescent light (CFL) lamp with corre-

sponding spectrometer measurements (lasers are excluded because

spectrometer measurements of reflected laser light are difficult to

obtain) after calibration by dividing by the spectral sensitivities of

the measurement devices. We observe that both the dense measure-

ments and the reconstructed spectra from the sparsest measure-

ments align well with the spectrometer measurements. Moreover,

they accurately capture the characteristic spectral peaks of the CFL

lamp. However, the Hi-SPAD measurements exhibit notably higher

noise at longer wavelengths for the two incandescent light sources

after spectral calibration. This is caused by extremely sparse photon

detections in that range, due to the reduced sensitivity of the optics

and SPAD sensor in the near-infrared wavelengths.

5 Experiments and Applications
We now showcase the performance of the Hi-SPAD system with

both simulated measurements as well as real-world data captured

with our lab-built prototype camera.

5.1 Comparison against State-of-the-Art
To validate the video-rate performance of the Hi-SPAD camera, we

compared it against a CMOS-based line-scanning HSI system op-

erating with the same pushbroom mechanism as Hi-SPAD and a

CASSI-based HSI system, a compressive-sensing approach for video-

rate HSI, using the ICVL dataset. For the CMOS-based line-scanning

HSI (denoted as "HSI-CMOS" in the following), we simulated the HSI

data with the assumption that the measurement follows a Gauss-

ian distribution with the mean equal to the true spectrum and the
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(a) Complex spectral scene measured by Hi-SPAD (b) Spectral validation against a spectrometer

Fig. 10. Comparison of Hi-SPAD spectral measurements from hyperspectral cubes captured under multiple light sources. (a) Raw and reconstructed Hi-SPAD
spectra. The “denoised” curve shows the spectrum reconstructed by the patch-wise reconstruction network from the sparsest measurement (𝑁 = 5),
corresponding to video-rate capture. Laser spectra were obtained from reflected illumination, and therefore include peaks from other light sources present in
the scene. (b) Spectral validation against a spectrometer. Spectra from two incandescent sources, one LED, and one CFL lamp are compared with spectrometer
measurements (lasers are excluded because spectrometer measurements of reflected laser light are difficult to obtain). All spectra are calibrated by dividing by
the spectral sensitivity of the respective measurement devices. The results show that the Hi-SPAD imager accurately captures characteristic spectral peaks,
such as the distinctive emission lines of the CFL lamp. Peak labels for CFL light source follow [Deglr6328 2005]. Noisy measurements at longer wavelengths
for the two incandescent light sources are due to the relatively low sensitivity of the optics and SPAD sensor on non-visible wavelengths and even amplified
after spectral calibration.

variance equal to the readout noise. As in Section 3.5.3, we set the

standard deviation of the noise to 24 𝑒− , which matches a latest

high-speed CMOS camera model [Pha 2025] capable of enabling a

video-rate pushbroom camera (∼ 20,000 fps). For the CASSI-based

HSI, we employed RndHRNet [Zhang et al. 2024], one of the latest

deep-learning-based CASSI techniques. For the simulated single-

shot CASSI measurements, which serve as input to RndHRNet, we

added readout noise with a standard deviation of 2 𝑒− , reflecting a

realistic value for conventional CMOS sensors capable of operating

at sufficient speed for video-rate single-shot HSI. For the Hi-SPAD

camera, we simulated the HSI data following Eq. 8. For HSI-CMOS

and Hi-SPAD measurements, we employed simple super-pixel rank-

1 denoising to obtain the reconstructed spectrum. The simulation

light level was set to a max photon count of 2.5, which is a realis-

tic level for the lab-built prototype operating at maximum speed

outdoors on a sunny day.

Quantitative comparison of the reconstruction quality is shown

in Table 1. We computed the PSNR, SSIM, and Spectral Angle Map-

per (SAM) for the 20 reconstructed hyperspectral cubes randomly

selected from the ICVL dataset. The SAM value indicates the spec-

tral similarity between the ground truth hyperspectral cube and the

reconstructed hyperspectral cube. It is computed for each pixel in

the hyperspectral cube as follows:

SAM(d, d̂) = arccos

(
d · d̂

∥d∥∥d̂∥

)
, (35)

where d and d̂ are the spectra of the pixel in the ground truth hyper-

spectral cube and the reconstructed hyperspectral cube, respectively.

Table 1. Quantitative comparison of hyperspectral image reconstruction
from three different methods, including a pushbroom camera using a high-
speed CMOS sensor, a CASSI imager with the reconstruction technique of
Zhang et al. [2024], and the proposed SPAD-based imager with a super-pixel
rank-1 denoiser. Metrics are computed for 20 randomly selected hyperspec-
tral images from the ICVL dataset and averaged over the test set. Higher
values are better for PSNR and SSIM, and lower values are better for SAM.
SAM values highlight cross-band spectral shape errors that are not well
captured by PSNR/SSIM; Hi-SPAD produces consistently lower angles, indi-
cating better spectral fidelity despite similar PSNR/SSIM.

Method Rec. algo. PSNR (dB) ↑ SSIM ↑ SAM (
◦
) ↓

HSI-CMOS Super-Pixel 13.38 0.059 11.76

CASSI RndHRNet 28.48 0.811 5.07

Hi-SPAD Super-Pixel 28.88 0.800 3.23

We report SAM alongside PSNR and SSIM because SAM directly

measures per-pixel spectral fidelity, which is the quantity of interest

in HSI. Unlike PSNR and SSIM, which assess band-wise intensity

errors and spatial structure, SAM compares the direction of the

spectral vectors and is invariant to global rescaling (illumination or

albedo). Consequently, it better reflects material discriminability and

spectral correctness. In our results (Table 1), Hi-SPAD attains the

lowest SAM (3.23
◦
), a 35% reduction relative to CASSI-RndHRNet

(5.07
◦
), indicating more accurate spectral shapes. The advantage

arises from Hi-SPAD’s read-noise-free photon counting and the

rank-1 super-pixel denoiser, which together stabilize spectral shape

under photon-limited conditions. The PSNR and SSIM differences
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Fig. 11. Reconstruction comparison of three simulated methods. Each color
image is rendered from the reconstructed hyperspectral cube. The leftmost
images in the first and third rows show the RGB renderings from the ground
truth hyperspectral cube, while those in the second and fourth rows display
the ground-truth spectra and reconstructed spectrum of a selected pixel.
Spectral Angle Mapper (SAM) maps are shown to the right of the spectral
plots. The Hi-SPAD measurements achieve comparable or superior recon-
struction quality relative to the deep-learning-based CASSI approach, even
when using simple super-pixel rank-1 denoising.

are modest (Hi-SPAD: 28.88 dB / 0.800; CASSI: 28.48 dB / 0.811) be-

cause these metrics are dominated by amplitude errors and spatial

texture priors.

Figure 11 showcases the two test scenes with the reconstruc-

tion results of the 3 different methods. Color images were rendered

from the reconstructed hyperspectral cube. As shown in the figure,

CMOS-HSI shows the worst performance because, under low light,

the signal is dominated by readout noise. As a result, the recon-

structed spectra with simple super-pixel rank-1 denoising deviate

greatly from the ground truth spectrum. In the rendered color im-

age, patchwise color errors are prominent due to incorrect spectrum

estimation. CASSI-RndHRNet provides better reconstruction qual-

ity than CMOS-HSI, but still shows a loss of spatial details in the

reconstructed hyperspectral cube due to the compressive-sensing

nature. Meanwhile, the Hi-SPAD measurement shows comparable

or better reconstruction with well-preserved spatial details, even

with simple super-pixel rank-1 denoising.

5.2 Material Classification with Hi-SPAD
As a first real-world result, we performed classification with real-

world data to demonstrate our theory on material classification with

SPAD measurements (Section 3.3) and the classification capabilities

of the Hi-SPAD prototype. We first collected a spectral dictionary

for four common material classes: plant, wood, plastic, and metal.

Then, a test scene containing different objects from these categories

was captured in 6-bit mode (𝑁 = 63, since the 6-bit SPAD counter

records values from 0 to 63) with increasing exposure time (scene

light level). We compare classification results using a cosine classi-

fier under three pairings: (1) raw dictionary and raw measurement,

(2) raw dictionary and log-transformed measurement, and (3) expo-

nentially transformed dictionary and raw measurement. Here, "raw

measurement" indicates the raw hyperspectral cube measurement

without any denoising. The classification maps are presented in

Figure 12.

For the raw dictionary and raw measurement, we can notice that

the classification accuracy decays as we increase the exposure time

(prominently wood and metal in the scene are misclassified). This is

due to the increasing non-linearity of the SPAD sensor as the light

level increases. The log-transformed measurement shows the better

classification accuracy than the raw measurement, but still decays

as we increase the exposure time. This is because the log transforma-

tion is not able to fully linearize the nonlinearity, especially when

the sensor is saturated, which occurs when a SPAD pixel fires for

every capture, clipping the value to 𝑁 = 63. Meanwhile, the expo-

nentially transformed dictionary with raw measurements shows

the best classification accuracy, especially when the light level is

high, with improved performance as exposure time increases. Since

the dictionary is nonlinearly transformed according to the scene’s

light level (Theorem 3.1), which matches the transformation of the

true spectrum in the mean of the SPAD measurement (Eq. 8), classi-

fication accuracy does not drop as light level increases but instead

improves as the variance of SPAD measurements decreases. The

results validate the Theorem 3.1 and the classification capabilities

of the Hi-SPAD camera.

5.3 Comparison of Spectrum Reconstruction Techniques
We show a comparison of the methods presented in Section 3.4

for true spectrum estimation by applying them to raw HSI data

captured with our Hi-SPAD camera prototype. The scene consists

of a color checkerboard and a continuously varying bandpass filter

(CVBF). CVBF is a specialized bandpass filter with center wavelength

that varies continuously along the filter. In Figure 13, the color

image reconstructed from the hyperspectral cube is shown on the

left, and spectra for selected pixels are shown on the right. The

ground truth hyperspectral cube is captured using a large number of

frames (𝑁 = 409600) with a Hi-SPAD camera, with a short exposure

time for each binary frame. Under this configuration, the Binomial

SPAD measurements converge to a Poisson distribution with rate

𝑁Φ, where Φ denotes the photon flux, making the raw Hi-SPAD

measurements effectively unbiased estimates of the true spectrum.

The raw Hi-SPAD measurements were captured in 6-bit mode

(𝑁 = 63) with a 1200 fps frame rate of the SPAD sensor, which is

equivalent to 0.64 seconds of acquisition time for the whole hy-

perspectral cube. From the noisy raw Hi-SPAD measurement, we

reconstruct the spectrum with the proposed methods in Section 3.4.
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Fig. 12. (a) Test scene for material classification with prototype Hi-SPAD camera. RGB image of test scene was reconstructed from captured hyperspectral
cube. The scene contains plant, wood, plastic, and metal objects. On the corner of the image, we added the ground truth material label map. (b) Classification
maps from cosine classifier with different pairs of dictionary and measurement with increasing exposure time in 6-bit mode (𝑁 = 63). Each row indicates
different pairs of dictionary and measurement: 1) Raw: raw dictionary and raw measurement, 2) Log: raw dictionary and log-transformed measurement, 3)
Exp: exponentially transformed dictionary and raw measurement. Due to the non-linear transformation of the dictionary accounting for the light level of the
scene, only the Exp pair shows the improved classification accuracy with increasing exposure time.

Fig. 13. Lab prototype Hi-SPAD camera measurements for CVBF (left) and color checkerboard (right) scenes and reconstructed spectra from proposed
methods. For each scene, color image reconstructed from the captured hyperspectral cube is shown on the left, and the spectra plot of the selected pixel
location are shown on the right plots. For CVBF scene, we show magnified view for the better visualization.

The measurement is plotted together with the log-transformed spec-

trum separately from the reconstructed spectra from other methods.

Notably, the two spectra look almost identical. This is because only

a few photons are detected in the raw Hi-SPAD measurement and

the log transformation is approximately a scaling operation. For

patch-wise reconstruction network trained on the ICVL dataset, we

exhibit two separate results: "Patch-Wise Reconstruction Network

(Raw)" was trained on simulated raw SPAD measurement, while

"Patch-Wise Reconstruction Network (Log)" was trained on the log

estimated spectra following Equation 28. For both scenes, the net-

work reconstructing the spectrum from the log-estimated spectrum

shows better reconstruction quality.

For quantitative evaluation, we computed the SAM images com-

puted with the ground truth hyperspectral cube are depicted in

Figure 14, visualizing the reconstruction quality map. Please note

that the averaged SAM values are relatively higher than the results

in Section 5.1 due to the pixels with extremely low signal under the

indoor light condition. From the computed map and averaged SAM

values, we conclude that the patch-wise reconstruction network

with log-transformed spectrum works the best for the both scenes.

Therefore, we employ the method for the following experiments

requiring the full HSI reconstruction.

Additionally, to further assess the advantage of Hi-SPAD mea-

surements over CMOS-based line-scanning HSI, we trained the
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Patch-Wise Recon Net (Log)Patch-Wise Recon Net (Raw)Pixel-Wise Recon NetSuper-pixel Rank-1 DenoiserLow Rank DenoiserLog-Transformation EstimatorRaw Measurement (N=63)

Avg: 72.53° Avg: 72.56° Avg: 46.93° Avg: 40.19° Avg: 38.30° Avg: 31.70° Avg: 29.17°

Avg: 63.70° Avg: 63.77° Avg: 38.49° Avg: 25.23° Avg: 31.95° Avg: 28.37° Avg: 23.26°

Fig. 14. SAM images computed with ground truth hyperspectral cube and reconstructed hyperspectral cube for the CVBF and color checkerboard scenes. The
SAM image is computed for each pixel in the hyperspectral cube and the result is shown as a color image. The pixels where even ground truth cube has
extremely low signal are masked out. On the corner of each map, we describe the averaged SAM values for each reconstruction result.

Table 2. Quantitative comparison of reconstruction quality from patch-wise
reconstruction network trained on simulated CMOS HSI data and raw Hi-
SPAD measurement with log-transformed spectrum. Metrics are computed
for 20 randomly selected hyperspectral images from the ICVL dataset (same
scenes in Section 5.1) and averaged over the test set. Hi-SPAD produces
significantly higher PSNR and SSIM, and lower SAM compared to CMOS-
HSI, indicating better reconstruction quality.

Method Rec. algo. PSNR (dB) ↑ SSIM ↑ SAM (
◦
) ↓

HSI-CMOS Patch-Wise 31.73 0.84 7.76

Hi-SPAD Patch-Wise 38.84 0.92 3.98

patch-wise reconstruction network on simulated CMOS data gener-

ated from the ICVL dataset and compared its performance against

the same network trained on raw Hi-SPAD measurements with

log-transformed spectra. The CMOS-HSI data were simulated as

described in Section 3.5.3. Both networks were trained with the

same architecture and hyperparameters until convergence. Testing

was performed on the same 20 randomly selected hyperspectral

images from the ICVL dataset used in Section 5.1.

As shown in Table 2, the network trained with Hi-SPAD mea-

surements achieves significantly better reconstruction quality than

its CMOS-based counterpart. While the averaged SAM values are

comparable to those obtained with super-pixel rank-1 denoising

(Section 5.1), the PSNR and SSIM values are substantially higher.

This difference arises because super-pixel rank-1 denoising explic-

itly enforces a shared spectral direction within local regions, effec-

tively removing orthogonal noise components that dominate the

SAM metric. In contrast, the patch-wise reconstruction network is

trained with a per-pixel objective and does not explicitly impose

region-wise spectral colinearity.

5.4 Hyperspectral Video Results
In this section, we showcase the hyperspectral video results captured

with our Hi-SPAD camera. The operational speed of the camera

is 26 frames per second, with 𝑁 ≈ 5 captured binary frames for

each hyperspectral cube. For thorough justification we captured

various dynamic scenes under different light conditions, including

indoor scenes, outdoor scenes with sunlight, and outdoor scenes

with cloudy sky. Figure 15 shows raw and reconstructed hyper-

spectral video frames from super-pixel rank-1 denoising and patch-

wise reconstruction network (with log-transformed measurement).

Super-pixel rank-1 denoising is producing piece-wise smooth re-

construction with artifacts in the edges of super-pixels, while the

patch-wise reconstruction network is producing still grainy recon-

struction. Since the patch-wise reconstruction network produced

higher reconstruction accuracy in spectrum-wise in Section 5.3, we

employed the patch-wise reconstruction network for the following

results showcasing the hyperspectral video results.

With the enabled video-rate hyperspectral imager, we provide

results for 3 different applications: 1) Illumination control of cap-

tured video, 2) Rendering video from different camera models with

different color sensitivity, and 3) Video-rate material classification.

Illumination Control of Captured Video. By capturing the hyper-

spectral video of the same scene with known light source (sunny day

outdoor spectrum), we can compute the spectral reflectance of the

scene by dividing the captured hyperspectral video with the known

light source spectrum. With the estimated spectral reflectance, then

we can post-process the captured video to control the illumination

of the scene with different light source coming with different spec-

trum by re-multiplying the estimated spectral reflectance with the

light source spectrum. Figure 16 shows the relighted hyperspectral

video frames with numerous light sources with different spectrum;

Daylight, sunset, LED, Fluorescent, and candle. The processing was

done with the reconstructed hyperspectral video from patch-wise

reconstruction network.

Rendering Video of Different Camera Models. Figure 17 shows the
rendering video from different camera models with distinct spectral

sensitivity for RGB colorization. The rendering video is computed

by multiplying the spectral sensitivity function of each camera
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Fig. 15. Hyperspectral video frames captured by the Hi-SPAD camera and reconstructed hyperspectral video from super-pixel rank-1 denoising and patch-wise
reconstruction network (with log-transformed spectrum). The video is captured with frame rate of 26 hyperspectral images per second. We exhibit two selected
frames from the video and wavelength channels of the reconstructed hyperspectral video.

Daylight Sunset LED Fluorescent Candle
0 sec 0.24 sec 0.48 sec 0.72 sec 1 sec

Fig. 16. Relighted HSV video frames from the captured hyperspectral video. We first captured the hyperspectral video of the scene at sunny day outdoor, then
computed the spectral reflectance of the scene, and relighted the scene with different light source. The illumination control was done with the reconstructed
hyperspectral video from patch-wise reconstruction network.

model in CAMSPEC dataset [Jiang et al. 2013] with the calibrated

captured hyperspectral video. Spectral calibration of imaging system

was performed by directly illuminating the calibration light source

with known spectrum to the camera, capturing the hyperspectral

image, and dividing the captured hyperspectral image with the

known spectrum to obtain the spectral response of the imager. The

rendering was done with the denoised hyperspectral video from

patch-wise reconstruction network.

Video-rate Material Classification. We demonstrate the video-rate

material classification capabilities of the Hi-SPAD camera. Figure 18

shows the material classification results from the hyperspectral

video captured with the Hi-SPAD camera under sunny and cloudy

outdoor conditions. The material classification was done with the

cosine classifier on raw Hi-SPAD measurement with the exponen-

tially transformed spectral dictionary of the material classes. The

spectral dictionary was computed by averaging the spectra of the

material classes in the training scene captured separately from the

test scene. As shown in the figure, even with the raw Hi-SPAD mea-

surement and simple cosine classifier, we could achieve promising

material classification results. Figure 19 shows the confusion matrix

of the material classification results for each scene.

6 Discussion
Hi-SPAD offers several advantages over conventional CMOS-based

video-rate HSI systems, such as those using snapshot-based com-

pressed sensing or spatially multiplexed spectral encoding meth-

ods [Lin et al. 2014; Saragadam et al. 2021; Wagadarikar et al.

2008]. These systems typically sacrifice spatial or spectral resolu-

tion to achieve snapshot acquisition. In contrast, Hi-SPAD employs

a scanning-based strategy, leveraging SPAD sensors to overcome

photon-noise and readout-noise limitations that traditionally con-

strain pushbroom systems in dynamic or low-light scenes. Despite

capturing the full hyperspectral cube through sequential scanning,
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Fig. 17. Video-rate rendering of the different camera models. We calibrated spectral sensitivity of our imaging system first, then computed normalized
hyperspectral video by dividing the captured video by the imager’s spectral sensitivity function, then rendered the color video with the spectral sensitivity
function of the different camera models by multiplying the normalized hyperspectral video with the spectral sensitivity function of the different camera
models for RGB channels. The rendering was done with the reconstructed hyperspectral video from patch-wise reconstruction network.
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Fig. 18. Video-rate material classification results. Top left figure shows spec-
tral dictionary of the material classes. We captured the hyperspectral video
of the scene for both sunny and cloudy day. Classification was done with
the cosine classifier on raw Hi-SPAD measurement with the exponentially
transformed dictionary.

Avg: 92.42% Avg: 82.62% Avg: 73.27%
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Fig. 19. Confusion matrix of the video-rate material classification results.
We computed the confusion matrix by first deriving ground truth label map
with manual inspection and comparing with the classification result. On
the top of the figure, we show the overall classification accuracy.

our system achieves 26 frames per second across 123 spectral chan-

nels, while maintaining high spatial fidelity and signal integrity

under ambient lighting conditions.

Moreover, SPAD sensors inherently offer high dynamic range due

to their nonlinear photon-response characteristics without a hard

saturation limit [Ingle et al. 2019]. This allows Hi-SPAD to operate

effectively across a broad spectrum of lighting environments—from

extremely low to high photon flux—without requiring exposure

adjustments or risking sensor saturation. This robustness is particu-

larly valuable in outdoor environments or industrial settings where

lighting can vary rapidly or unpredictably.

Beyond enabling video-rate HSI under low light, Hi-SPAD also

establishes a new operational regime for spectral imaging: photon-

counting hyperspectral video. This regime is distinct from tradi-

tional HSI systems and requires a rethink of reconstruction algo-

rithms and noise models. As shown in our theoretical and empirical

evaluations, reconstruction quality can be preserved even with as

few as 5 one-bit frames per scan, which opens up possibilities for

ultrafast, low-data-volume hyperspectral sensing that is impractical

with CMOS alternatives.

Limitations. Despite the advantages of SPAD-based sensing, sev-

eral practical limitations remain. Current SPAD arrays typically

offer significantly fewer pixels than their CMOS counterparts, re-

sulting in lower spatial resolution for captured hyperspectral images.

Additionally, the larger pixel pitch and form factor of SPAD sen-

sors require physically larger sensor areas to achieve comparable

spectral coverage in line-scanning configurations. These hardware

constraints, combined with the relatively high cost of SPAD devices,

limit their immediate scalability for widespread adoption. However,

given the rapid pace of development in SPAD technology [Mori-

moto et al. 2021; Mos et al. 2024; Ogi et al. 2021], we expect these

limitations to be mitigated in future generations of sensors.

From an HSI system design perspective, several trade-offs emerge.

First, because our system relies on line scanning with an effective

acquisition time of approximately 38 ms per hyperspectral frame,

it inherently suffers from rolling-shutter effects. This becomes es-

pecially problematic when capturing rapid dynamic scenes, as mo-

tion during scanning can introduce geometric distortions in the

reconstructed hyperspectral frames. Given our system is scanning

single-pixel-width column by column, the time per pixel column

is 1/(26 fps × 768 pixels) ≈ 0.05 ms; the object speed (projected to
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the image plane) must stay below the inverse of this, ≈ 20 pixel/ms,

to avoid rolling-shutter artifacts. The rolling-shutter artifacts are

visible in our real-world results: Figure 20 shows the noticeable

distortion of the bouncing basketball and rotating fan. Importantly,

while rolling shutter primarily induces spatial misregistration across

scan lines, the spectral measurements within each line remain lo-

cally valid; thus, motion mainly affects geometric consistency rather

than per-pixel spectral integrity.

Because our system has full controllability over both the scanning

order and the per-column exposure time, rolling-shutter artifacts

can be actively mitigated through programmable scan scheduling.

Instead of scanning columns strictly sequentially from left to right,

we can adopt an interlaced scanning strategy; e.g., first acquire

every𝐾-th column (for example, all even columns), and then acquire

the remaining columns (odd columns). This effectively partitions

a single hyperspectral frame into 𝐾 temporally interleaved sub-

frames, each with reduced temporal span. As shown in the coded

rolling shutter framework of Gu et al. [2010], these sub-frames can

be horizontally interpolated to full resolution and used to estimate

optical flow between them, enabling interpolation of intermediate

views and reconstruction of a artifact-free image.

Beyond artifact mitigation, the pushbroom flexibility of Hi-SPAD

can be further exploited to enable additional functionalities. As

shown in the coded rolling shutter framework of Gu et al. [2010],

staggered column acquisition can increase effective temporal res-

olution for capturing fast dynamic events, while programmable

per-column exposure times allow interlacing short and long expo-

sures within a single hyperspectral frame to enable HDR imaging

or motion-blur-aware reconstruction. Therefore, although rolling

shutter introduces geometric distortion under rapid motion, the

same programmable scanning mechanism that causes this effect can

be repurposed as a computational imaging tool to improve temporal

resolution, dynamic range, and motion robustness in Hi-SPAD. We

believe this is a promising direction for future research.

Another limitation stems from our use of a diffraction grating

(within a grism) to spectrally disperse the light. We currently ex-

tract only the first-order dispersion for reconstruction since it is the

most dominant order and can be captured for whole columns with

translation in the scanning direction. However, as shown in Figure 7,

higher-order dispersions (e.g., second order or beyond) are clearly

present in the captured images, especially at shorter wavelengths

and for early scan columns. Leveraging these additional diffraction

orders through careful calibration and joint reconstruction could

improve light throughput and overall signal efficiency for the early

columns. For the prototype we chose a grism with the groove den-

sity that maximizes the dispersion angle for the highest spectral

resolution, but by using a smaller groove density—compromising

spectral resolution—we could capture higher-order dispersion for

the early columns. Employing specialized gratings, such as volume-

phase holographic gratings [Barden et al. 1998] that concentrate

light throughput into the first-order dispersion, could be a promising

direction to improve light throughput and spectral resolution.

The other limitation arises from the stochastic nature of photon-

counting measurements. In regions that are extremely bright or

dark, SPAD measurements can become uninformative, manifesting

as saturation to all ones in extremely bright regions, or as all-zero

(a) Dynamic scene HSVs (b) Static state

Frame 0

Frame 17

Fig. 20. Rolling-shutter artifacts in the reconstructed hyperspectral videos.
(a) Selected RGB frames from HSVs capturing moving objects with fast
motion. (b) The objects in static state. The artifacts are visible in the recon-
structed RGB videos as distortions of the basketball and fan in the scenes.

(photon-starved) measurements in extremely dark regions. In our

prototype, the saturation issue was largely avoided in practice be-

cause the combination of high spectral resolution and video-rate

scanning places the system in a photon-limited operating regime.

As a result, even under outdoor ambient lighting conditions, the

majority of SPAD measurements did not saturate to all ones with

the maximum exposure time of 10 µs per binary frame which en-

sures the sensor’s maximum achievable frame rate of 100 kHz. In

more extreme high-dynamic-range scenarios, however, saturation

and photon-starvation may occur simultaneously. Such cases can

be addressed by reducing the exposure time per binary frame to

avoid all-ones measurements in bright regions, and compensating

for reduced photon counts in dark regions by increasing the number

of SPAD frames 𝑁 . This trade-off effectively shifts acquisition time

from per-frame exposure to temporal accumulation, at the cost of re-

duced hyperspectral video frame rate. Exploring adaptive strategies

such as coded rolling shutter that jointly adjust exposure time and

𝑁 for each column based on scene content is a promising direction

for extending Hi-SPAD to challenging HDR scenes.

Stray Light. Since capturing full hyperspectral video typically

occurs in the low-light regime, where only a few photons are de-

tected per dimension, the optical system must be carefully designed

to minimize stray light that does not originate from the scene. Al-

though we optically shielded the prototype and applied background

subtraction to remove stray-light artifacts, the reconstructed hyper-

spectral video still contains some residual artifacts. To fully address

this challenge, future improvements will require a more complete

optical enclosure as well as advanced post-processing methods, such

as learning-based denoising techniques, to further suppress stray

light after background subtraction.
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Real-Time Reconstruction. Moreover, reconstructing full hyper-

spectral cubes from line-scanning systems is computationally in-

tensive, presenting challenges for real-time applications. Potential

solutions include integrating real-time reconstruction capabilities di-

rectly onto SPAD sensors, similar to software-defined SPAD camera

approaches [Sundar et al. 2023]. This approach could significantly

enhance practicality and real-time performance. For example, along

the lines of Sundar et al. [2023], we can implement a “software-

defined spectral camera” that implements certain desired linear pro-

jections on-chip to dramatically reduce readout bandwidth of the

device. When coupled with sophisticated learning-based approaches

to reconstruct HSIs or infer directly from these projections, we can

benefit from the advantages that SPAD sensors provide without

paying a significant penalty in readout bandwidth.
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A Proof of the Error Bounds

A.1 Material Classification
A.1.1 Material Classification with Unaltered Spectrum Dictionary.

Preliminaries. We have a dictionary of𝑀 reference spectra corre-

sponding to𝑀 materials. That is,

D = [d1, . . . , d𝑀 ], (36)

with

d𝑖 ∈ R𝐿, 𝐿 : number of spectral channels, (37)

d𝑖 [𝑛] ≥ 0, 𝑛 ∈ {1, . . . , 𝐿}, (38)

and

∥d𝑖 ∥ = 1. (39)

Measurement Notation. Let

y ∈ R𝐿 . (40)

We model the measurement at each spectral channel 𝑛 as

y[𝑛] ∼ Binomial

(
𝑁, 1 − 𝑒−Φ0 d𝑘 [𝑛]

)
, (41)

where

• 𝑁 is the number of frames captured with the SPAD sensor,

• Δ𝑡 ′ is the exposure time per frame,

• d𝑘 is the normalized spectrum of the 𝑘-th material at the

point,

• Φ is a constant representing the overall light level (unit: pho-

ton/sec),

• and we define

Φ0 = ΦΔ𝑡 ′ . (42)

Classifier. We use cosine similarity as a classifier. In particular, a

measurement vector y is assigned to the 𝑙-th material if

𝑙 = arg max

𝑗
⟨y, d𝑗 ⟩. (43)

Correct classification occurs if

⟨y, d𝑘 ⟩ > ⟨y, d𝑗 ⟩ for all 𝑗 ≠ 𝑘. (44)

Defining

𝑠 𝑗 = ⟨y, d𝑗 ⟩ and 𝑒 𝑗 = 𝑆𝑘 − 𝑆 𝑗 , (45)

misclassification occurs when 𝑒 𝑗 < 0. Our goal is to bound 𝑃 (𝑒 𝑗 ≤
0).

Chernoff Bounds. If we use a Chernoff bound, then

𝑃 (𝑒 𝑗 ≤ 0) ≤ M(𝑠)𝑒−𝑠 ·0, for 𝑠 < 0, (46)

so that, since this bound holds for every negative 𝑠 ,

𝑃 (𝑒 𝑗 ≤ 0) ≤ inf

𝑠<0

M(𝑠), (47)

where the moment–generating function (MGF) is

M(𝑠) = E
(
𝑒𝑠 𝑒 𝑗

)
. (48)

Finding the MGF. Recall that

𝑆 𝑗 = ⟨y, d𝑗 ⟩ =
∑︁
𝑛

y[𝑛] d𝑗 [𝑛], (49)

and thus

𝑒 𝑗 = 𝑆𝑘 − 𝑆 𝑗 =
∑︁
𝑛

y[𝑛]
(
d𝑘 [𝑛] − d𝑗 [𝑛]

)
. (50)

Defining

𝑒 𝑗,𝑛 = y[𝑛]
(
d𝑘 [𝑛] − d𝑗 [𝑛]

)
, (51)

the MGF factorizes as

M(𝑠) =
∏
𝑛

E
(
𝑒𝑠 𝑒 𝑗,𝑛

)
=

∏
𝑛

M𝑛 (𝑠), (52)

where, since

y[𝑛] ∼ Binomial{𝑁, 𝑃𝑛} with 𝑃𝑛 = 1 − 𝑒−Φ0 d𝑘 [𝑛] , (53)

and letting

𝑎𝑛 = d𝑘 [𝑛] − d𝑗 [𝑛], (54)

the MGF for each channel is

M𝑛 (𝑠) = E
(
𝑒𝑠 𝑎𝑛 y[𝑛]

)
= (1 − 𝑃𝑛 + 𝑃𝑛 𝑒𝑠 𝑎𝑛 )𝑁 . (55)

Thus,

M(𝑠) =
∏
𝑛

(1 − 𝑃𝑛 + 𝑃𝑛 𝑒𝑠 𝑎𝑛 )𝑁 . (56)

This expression can be equivalently written as

M(𝑠) =
{∏

𝑛

[
1 − 𝑃𝑛 + 𝑃𝑛 𝑒𝑠 𝑎𝑛

]}𝑁

, (57)

or, writing it in more explicit form,

M(𝑠) =
{∏

𝑛

[
1 −

(
1 − 𝑒−Φ0 d𝑘 [𝑛]

)
+

(
1 − 𝑒−Φ0 d𝑘 [𝑛]

)
𝑒𝑠

(
d𝑘 [𝑛]−d𝑗 [𝑛]

) ]}𝑁

.

(58)

For convenience, we now introduce the following definitions:

𝛼𝑛 ≜ d𝑘 [𝑛], 𝛽𝑛 ≜ d𝑗 [𝑛], (59)

𝜶 , 𝜷 ∈ R𝐿, ∥𝜶 ∥ = ∥𝜷 ∥ = 1, 𝛼𝑛, 𝛽𝑛 ≥ 0 ∀𝑛. (60)

Defining the function

𝑔(𝑠) =
∏
𝑛

(
𝑒−Φ0 𝛼𝑛 + (1 − 𝑒−Φ0 𝛼𝑛 ) 𝑒𝑠 (𝛼𝑛−𝛽𝑛 )

)
, (61)

we can express the overall MGF as

𝑀 (𝑠) =
[
𝑔(𝑠)

]𝑁
. (62)

Our goal is to show

𝑔(𝑠) < 1 for some 𝑠 < 0, (63)

noting that

𝑔(𝑠) > 0 for all 𝑠 < 0. (64)
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Proof Regarding 𝑔(𝑠). Consider the natural logarithm of 𝑔(𝑠). De-
fine

ℎ(𝑠) = ln

[
𝑔(𝑠)

]
=

∑︁
𝑛

ln

(
𝑒−Φ0 𝛼𝑛 +

[
1 − 𝑒−Φ0 𝛼𝑛

]
𝑒𝑠 (𝛼𝑛−𝛽𝑛 )

)
.

(65)

At 𝑠 = 0,

ℎ(0) =
∑︁
𝑛

ln

(
𝑒−Φ0 𝛼𝑛 +

[
1 − 𝑒−Φ0 𝛼𝑛

] )
=

∑︁
𝑛

ln(1)

= 0.

(66)

Next, we differentiate ℎ(𝑠) with respect to 𝑠:

ℎ′ (𝑠) =
∑︁
𝑛

(𝛼𝑛 − 𝛽𝑛)
[
1 − 𝑒−Φ0 𝛼𝑛

]
𝑒𝑠 (𝛼𝑛−𝛽𝑛 )

𝑒−Φ0 𝛼𝑛 +
[
1 − 𝑒−Φ0 𝛼𝑛

]
𝑒𝑠 (𝛼𝑛−𝛽𝑛 )

. (67)

In particular, at 𝑠 = 0,

ℎ′ (0) =
∑︁
𝑛

(𝛼𝑛 − 𝛽𝑛)
[
1 − 𝑒−Φ0 𝛼𝑛

]
. (68)

Case 1: Φ0 is small. When Φ0 is small, we use the first–order

approximation

1 − 𝑒−Φ0 𝛼𝑛 ≈ Φ0 𝛼𝑛 . (69)

Then,

ℎ′ (0) ≈
∑︁
𝑛

Φ0 𝛼𝑛 (𝛼𝑛 − 𝛽𝑛)

= Φ0

(∑︁
𝑛

𝛼2

𝑛 −
∑︁
𝑛

𝛼𝑛 𝛽𝑛

)
= Φ0

(
1 − ⟨𝜶 , 𝜷⟩

)
> 0.

(70)

Since ℎ(0) = 0 and ℎ′ (0) > 0, ℎ(𝑠) is positive for small positive 𝑠 .

By continuity, there must exist some negative 𝑠 for which ℎ(𝑠) < 0.

Therefore,

𝑔(𝑠) = 𝑒ℎ (𝑠 ) < 1 for some 𝑠 < 0, (71)

leading to an exponential decrease in the misclassification bound

with increasing 𝑁 .

Case 2: Φ0 is large. When Φ0 is large, the factor 1 − 𝑒−Φ0 𝛼𝑛
is

close to 1. Then

ℎ′ (0) ≈
∑︁
𝑛

(𝛼𝑛 − 𝛽𝑛) . (72)

Here, the sign of ℎ′ (0) depends on the specific vectors 𝜶 and 𝜷 .
Thus, in this case, we couldn’t guarantee that ℎ′ (0) > 0, and the

proof of 𝑔(𝑠) < 1 for some 𝑠 > 0 is not guaranteed. As a result,

the misclassification bound may not decrease exponentially with

increasing 𝑁 when Φ0 is large.

A.1.2 Classification with Cosine on Exponential Transformed D.
We now define an alternative classifier based on an exponential

transform. Define the measurement

𝑦 [𝑛] ∼ Binomial

(
N , 1 − 𝑒−Φ0 𝑑𝑘 [𝑛]

)
, (73)

with

Φ0 = ΦΔ𝑡 ′, (74)

and consider the spectrum dictionary

D = {d1, . . . , d𝑀 }, ∥d𝑖 ∥ = 1 ∀ 𝑖 . (75)

We then form the exponential transform

P = {p1, . . . , p𝑀 }, (76)

where

p𝑖 =
1 − 𝑒−Φ0 d𝑖

∥1 − 𝑒−Φ0 d𝑖 ∥
∈ R𝐿, (77)

so that

∥p𝑖 ∥ = 1 ∀ 𝑖 . (78)

The measurement can then be rewritten as

y ∼ Binomial

(
N , 𝛼𝑘 p𝑘

)
, (79)

where

𝛼𝑘 = ∥1 − 𝑒−Φ0 d𝑘 ∥, (80)

with 0 ≤ 𝛼𝑘 ≤ 𝐿 (for large Φ0). For classification we compute

𝑆 𝑗 = ⟨y, p𝑗 ⟩, (81)

and the misclassification event is given by

Pr

{
𝑒 𝑗 = 𝑆𝑘 − 𝑆 𝑗 = ⟨y, p𝑘 − p𝑗 ⟩ < 0

}
. (82)

Chernoff Bound. By the Chernoff bound,

Pr{𝑒 𝑗 < 0} ≤ 𝑀 (𝑠), 𝑠 < 0, (83)

where

𝑀 (𝑠) = E
(
𝑒𝑠 𝑒 𝑗

)
=

∏
𝑛

E
(
𝑒𝑠 𝑒 𝑗𝑛

)
. (84)

In our case, one can write (as we did in the previous section)

𝑀 (𝑠) =
{∏

𝑛

[
1 − 𝛼𝑘 p𝑘 [𝑛] + 𝛼𝑘 p𝑘 [𝑛] 𝑒𝑠 (p𝑘 [𝑛]−p𝑗 [𝑛] )

]}N

. (85)

Proof Requirements and Bounding 𝑓 (𝑠). We need to show that the

function

𝑓 (𝑠) =
∏
𝑛

(
1 − 𝛼𝑘 p𝑘 [𝑛] + 𝛼𝑘 p𝑘 [𝑛] 𝑒−𝑠 (p𝑘 [𝑛]−p𝑗 [𝑛] )

)
(86)

satisfies

𝑓 (𝑠) < 1 for some 𝑠 > 0. (87)

Taking logarithms yields

𝑔(𝑠) = ln 𝑓 (𝑠) =
∑︁
𝑛

ln

(
1 − 𝛼𝑘 p𝑘 [𝑛] + 𝛼𝑘 p𝑘 [𝑛] 𝑒−𝑠 (p𝑘 [𝑛]−p𝑗 [𝑛] )

)
,

(88)

with 𝑔(0) = 0. Its derivative is

𝑔′ (𝑠) =
∑︁
𝑛

−𝛼𝑘 p𝑘 [𝑛] (p𝑘 [𝑛] − p𝑗 [𝑛]) 𝑒−𝑠 (p𝑘 [𝑛]−p𝑗 [𝑛] )

1 − 𝛼𝑘 p𝑘 [𝑛] + 𝛼𝑘 p𝑘 [𝑛] 𝑒−𝑠 (p𝑘 [𝑛]−p𝑗 [𝑛] )
. (89)
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Evaluating at 𝑠 = 0 gives

𝑔′ (0) = −𝛼𝑘
∑︁
𝑛

p𝑘 [𝑛]
(
p𝑘 [𝑛] − p𝑗 [𝑛]

)
= −𝛼𝑘

(
1 − cos𝜃

)
, (90)

where cos𝜃 = ⟨p𝑘 , p𝑗 ⟩. Since 𝛼𝑘 > 0 and 1 − cos𝜃 > 0, we have

𝑔′ (0) < 0. Hence, there exists some 𝑠 > 0 for which 𝑔(𝑠) < 0

(i.e. 𝑓 (𝑠) = 𝑒𝑔 (𝑠 ) < 1), leading to an exponential decrease in the

misclassification probability with N .

Bounding 𝑓 (𝑠). We start by rewriting 𝑓 (𝑠) as

𝑓 (𝑠) =
∏
𝑛

(
1 − 𝛼 𝐵𝑛

[
1 − 𝑒−𝑠 (𝐵𝑛−𝐶𝑛 )

] )
, 𝑠 > 0,

(91)

where 𝐵𝑛 = 𝑝𝑘 [𝑛] and 𝐶𝑛 = 𝑝 𝑗 [𝑛]. Notice that

1 − 𝑒−𝑠 (𝐵𝑛−𝐶𝑛 ) = 𝑠 (𝐵𝑛 −𝐶𝑛) −
𝑠2 (𝐵𝑛 −𝐶𝑛)2

2!

+ · · · . (92)

Since the higher–order terms are always negative for

𝑠 ≤ 1

|𝐵𝑛 −𝐶𝑛 |
,

we obtain the inequality

𝑓 (𝑠) ≤
∏
𝑛

(
1 − 𝛼 𝐵𝑛 · 𝑠 (𝐵𝑛 −𝐶𝑛)

)
. (93)

Taking the natural logarithm yields

ln 𝑓 (𝑠) ≤ ln

[∏
𝑛

(
1 − 𝛼 𝐵𝑛 · 𝑠 (𝐵𝑛 −𝐶𝑛)

)]
=

∑︁
𝑛

ln

(
1 − 𝛼 𝑠 𝐵𝑛 (𝐵𝑛 −𝐶𝑛)

)
.

(94)

For brevity, we define

𝑘𝑛 ≜ 𝛼 𝑠 𝐵𝑛 (𝐵𝑛 −𝐶𝑛) .
If we assume that

𝑠 ≤ 1

𝐿 max𝑛 |𝐵𝑛 −𝐶𝑛 |
,

then |𝑘𝑛 | ≤ 1 (since 0 ≤ 𝛼 ≤ 𝐿) and we may expand using the

Taylor series:

ln(1 − 𝑘𝑛) = −
∞∑︁

𝑚=1

𝑘𝑚𝑛

𝑚
. (95)

Thus, from (94) we have

ln 𝑓 (𝑠) ≤ −
∑︁
𝑛

𝑘𝑛 −
∑︁
𝑛

𝑘2

𝑛

2

−
∑︁
𝑛

𝑘3

𝑛

3

− · · · . (96)

Discarding the higher–order (negative) terms gives the simple bound

ln 𝑓 (𝑠) ≤ −
∑︁
𝑛

𝑘𝑛 = −𝛼 𝑠
∑︁
𝑛

𝐵𝑛 (𝐵𝑛 −𝐶𝑛) . (97)

If we denote by 𝜃 the angle between the vectors p𝑘 and p𝑗 , then∑︁
𝑛

𝐵𝑛 (𝐵𝑛 −𝐶𝑛) = ⟨p𝑘 , p𝑘 − p𝑗 ⟩ = 1 − ⟨p𝑘 , p𝑗 ⟩ = 1 − cos𝜃 .

Hence,

ln 𝑓 (𝑠) ≤ −𝛼 𝑠 (1 − cos𝜃 ). (98)

Exponentiating both sides yields

𝑓 (𝑠) ≤ exp

{
−𝛼 𝑠 (1 − cos𝜃 )

}
. (99)

Since the misclassification probability satisfies

Pr{𝑒 𝑗 < 0} ≤ 𝑀 (𝑠) ≤
[
𝑓 (𝑠)

]N
, (100)

we deduce that

Pr{𝑒 𝑗 < 0} ≤ exp

{
−N 𝛼 𝑠 (1 − cos𝜃 )

}
, (101)

where

𝛼 = ∥1 − 𝑒−Φ0 d𝑘 ∥ .

Since 𝑔(𝑠) = ln 𝑓 (𝑠) is linear in 𝑠 , the tightest bound is obtained by

choosing

𝑠 =
1

𝐿 max𝑛 |𝐵𝑛 −𝐶𝑛 |
.

Thus, the final form of the bound is

Pr{𝑒 𝑗 < 0} ≤ exp

{
−N ∥1 − 𝑒−Φ0 d𝑘 ∥ (1 − cos𝜃 )
𝐿 max𝑛

(
|𝑝𝑘 [𝑛] − 𝑝 𝑗 [𝑛] |

) }
. (102)

A.2 Theory for Full Spectrum Reconstruction
Let

d = (𝑑 (1), 𝑑 (2), . . . , 𝑑 (𝐿)) ∈ R𝐿, 𝑑 (𝑛) ≥ 0, (103)

be the true normalized spectrum. Two cases are considered:

(1) Scaling Estimator (Small Φ0 𝑑 (𝑛)):When Φ0 𝑑 (𝑛) is small

so that

1 − 𝑒−Φ0 𝑑 (𝑛) ≈ Φ0 𝑑 (𝑛), (104)

the measurement at wavelength 𝑛 is modeled as

𝑏 (𝑛) ∼ Binomial

(
𝑁, Φ0 𝑑 (𝑛)

)
, (105)

and the natural unbiased estimator is

ˆ𝑑 (𝑛) = 𝑏 (𝑛)
𝑁 Φ0

, (106)

since

𝐸
[

ˆ𝑑 (𝑛)
]
=
𝐸
[
𝑏 (𝑛)

]
𝑁 Φ0

=
𝑁 Φ0 𝑑 (𝑛)
𝑁 Φ0

= 𝑑 (𝑛) . (107)

(2) Log–Transform Estimator (General Φ0 𝑑 (𝑛)): For the gen-
eral case (without assuming Φ0 𝑑 (𝑛) is small), the measure-

ment is modeled as

𝑏 (𝑛) ∼ Binomial

(
𝑁, 1 − 𝑒−Φ0 𝑑 (𝑛)

)
, (108)

and we define the log–transform estimator by

ˆ𝑑 (𝑛) = − 1

Φ0

ln

(
1 − 𝑏 (𝑛)

𝑁

)
. (109)

If
𝑏 (𝑛)
𝑁

exactly equals 𝑝 (𝑛) = 1 − 𝑒−Φ0 𝑑 (𝑛)
, then

ˆ𝑑 (𝑛) = − 1

Φ0

ln

(
1 − 𝑝 (𝑛)

)
= 𝑑 (𝑛). (110)

A.2.1 Scaling Estimator (Small Φ0 𝑑 (𝑛)).
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Measurement Model and Estimator. Assume that at wavelength 𝑛

the true spectral value is

𝑑 = 𝑑 (𝑛) > 0. (111)

When Φ0 𝑑 (𝑛) is small, we have

1 − 𝑒−Φ0 𝑑 (𝑛) ≈ Φ0 𝑑 (𝑛). (112)

Thus the measurement is modeled as

𝑏 (𝑛) ∼ Binomial

(
𝑁, Φ0 𝑑 (𝑛)

)
, (113)

and the unbiased estimator is

ˆ𝑑 (𝑛) = 𝑏 (𝑛)
𝑁 Φ0

, (114)

since

𝐸
[

ˆ𝑑 (𝑛)
]
=
𝐸
[
𝑏 (𝑛)

]
𝑁 Φ0

=
𝑁 (Φ0 𝑑 (𝑛))

𝑁 Φ0

= 𝑑 (𝑛) . (115)

Chernoff Bound via the MGF.. Define the centered variable

𝑋 = 𝑏 (𝑛) − 𝑁 Φ0 𝑑 (𝑛), (116)

so that the estimation error is

ˆ𝑑 (𝑛) − 𝑑 (𝑛) = 𝑋

𝑁 Φ0

. (117)

Our goal is to bound

𝑃

(
| ˆ𝑑 (𝑛) − 𝑑 (𝑛) | ≥ 𝜖

)
= 𝑃

(
|𝑋 | ≥ 𝑁 Φ0 𝜖

)
(118)

for any 𝜖 > 0.

MGF of 𝑋 . Since 𝑏 (𝑛) ∼ Binomial

(
𝑁, Φ0 𝑑 (𝑛)

)
, its MGF is

𝑀𝑏 (𝑛) (𝑠) = 𝐸
(
𝑒𝑠 𝑏 (𝑛)

)
=

(
1 − Φ0 𝑑 (𝑛) + Φ0 𝑑 (𝑛) 𝑒𝑠

)𝑁
. (119)

Thus, the MGF of

𝑋 = 𝑏 (𝑛) − 𝑁 Φ0 𝑑 (𝑛) (120)

is

𝑀𝑋 (𝑠) = 𝐸
(
𝑒𝑠𝑋

)
= 𝐸

(
𝑒𝑠

(
𝑏 (𝑛)−𝑁 Φ0 𝑑 (𝑛)

) )
= 𝑒−𝑠 𝑁 Φ0 𝑑 (𝑛) 𝑀𝑏 (𝑛) (𝑠)

=

(
𝑒−𝑠 Φ0 𝑑 (𝑛)

(
1 − Φ0 𝑑 (𝑛) + Φ0 𝑑 (𝑛) 𝑒𝑠

))𝑁
.

(121)

Upper Tail Bound. For any 𝑠 > 0, Chernoff’s inequality gives

𝑃

(
𝑋 ≥ 𝑁 Φ0 𝜖

)
≤ 𝑀𝑋 (𝑠)
𝑒𝑠 𝑁 Φ0 𝜖

. (122)

That is,

𝑃
(

ˆ𝑑 (𝑛) − 𝑑 (𝑛) ≥ 𝜖
)
= 𝑃

(
𝑋 ≥ 𝑁 Φ0 𝜖

)
≤

[
𝑒−𝑠 Φ0

(
𝑑 (𝑛)+𝜖

) (
1 − Φ0 𝑑 (𝑛)

+ Φ0 𝑑 (𝑛) 𝑒𝑠
)]𝑁

.

(123)

Defining

𝑓 (𝑠) = 𝑒
−𝑠 Φ0

(
𝑑 (𝑛)+𝜖

) (
1 − Φ0 𝑑 (𝑛) + Φ0 𝑑 (𝑛) 𝑒𝑠

)
, (124)

we have

𝑃

(
ˆ𝑑 (𝑛) − 𝑑 (𝑛) ≥ 𝜖

)
≤

[
𝑓 (𝑠)

]𝑁
. (125)

Proof that 𝑓 (𝑠) < 1 for Some 𝑠 > 0. Notice that when 𝑠 = 0,

𝑓 (0) = 𝑒0

(
1 − Φ0 𝑑 (𝑛) + Φ0 𝑑 (𝑛)

)
= 1. (126)

Differentiating, writing

𝑓 (𝑠) = 𝐴(𝑠) 𝐵(𝑠), where

𝐴(𝑠) = 1 − Φ0 𝑑 (𝑛) + Φ0 𝑑 (𝑛) 𝑒𝑠 ,

𝐵(𝑠) = 𝑒−𝑠 Φ0

(
𝑑 (𝑛)+𝜖

)
.

(127)

we obtain

𝑓 ′ (𝑠) = 𝐴′ (𝑠)𝐵(𝑠) +𝐴(𝑠)𝐵′ (𝑠), (128)

with

𝐴′ (𝑠) = Φ0 𝑑 (𝑛) 𝑒𝑠 , 𝐵′ (𝑠) = −Φ0

(
𝑑 (𝑛) + 𝜖

)
𝑒
−𝑠 Φ0

(
𝑑 (𝑛)+𝜖

)
. (129)

Evaluating at 𝑠 = 0 (using 𝑒0 = 1) yields

𝑓 ′ (0) = Φ0 𝑑 (𝑛) − Φ0

(
𝑑 (𝑛) + 𝜖

)
= −Φ0 𝜖 < 0. (130)

Because 𝑓 (𝑠) is continuously differentiable and 𝑓 (0) = 1 with

𝑓 ′ (0) < 0, by continuity there exists a 𝛿 > 0 such that for all

𝑠 ∈ (0, 𝛿),
𝑓 (𝑠) < 1 (131)

and by Chernoff’s inequality,

𝑃
(

ˆ𝑑 (𝑛) − 𝑑 (𝑛) ≥ 𝜖
)
≤

[
𝑓 (𝑠)

]𝑁 ≤ exp

(
−𝜅𝑛 𝑁

)
, (132)

where 𝜅𝑛 = − ln

[
𝑓 (𝑠)

]
> 0. A similar derivation (using 𝑠 < 0)

establishes the same exponential decay for the lower tail. Hence,

𝑃
(
| ˆ𝑑 (𝑛) − 𝑑 (𝑛) | ≥ 𝜖

)
≤ 2 exp

(
−𝜅𝑛 𝑁

)
. (133)

A.2.2 Extension to the Full Spectrum. Consider the full spectral

vector

d =
(
𝑑 (1), 𝑑 (2), . . . , 𝑑 (𝐿)

)
∈ R𝐿 . (134)

For each channel 𝑛, suppose

𝑏 (𝑛) ∼ Binomial

(
𝑁, Φ0 𝑑 (𝑛)

)
. (135)

Define the estimator

ˆ𝑑 (𝑛) = 𝑏 (𝑛)
𝑁 Φ0

. (136)

Then, for each 𝑛, the bound

𝑃

(�� ˆ𝑑 (𝑛) − 𝑑 (𝑛)
�� ≥ 𝜖) ≤ 2 exp

(
−𝜅𝑛 𝑁

)
(137)

holds.

Applying a union bound over the 𝐿 channels,

𝑃

(
max

1≤𝑛≤𝐿

�� ˆ𝑑 (𝑛) − 𝑑 (𝑛)
�� ≥ 𝜖) ≤

𝐿∑︁
𝑛=1

2 exp

(
−𝜅𝑛 𝑁

)
≤ 2𝐿 exp

(
−𝜅 𝑁

)
,

(138)

where

𝜅 = min

1≤𝑛≤𝐿
𝜅𝑛 . (139)
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In particular, if the error is measured in the ℓ2 norm, then

∥ ˆd − d∥2 ≤ 𝐿 max

1≤𝑛≤𝐿

�� ˆ𝑑 (𝑛) − 𝑑 (𝑛)
��2 . (140)

Thus, the overall estimation error decays exponentially with 𝑁 .

A.2.3 Log Transform Estimator for General Φ0 𝑑 (𝑛).

Measurement Model and Estimator. At wavelength 𝑛 let the true

spectral value be

𝑑 = d(𝑛) > 0. (141)

Now assume the measurement is given by

y(𝑛) ∼ Binomial

(
𝑁, p(𝑛)

)
, with p(𝑛) = 1 − 𝑒−Φ0 𝑑 (𝑛) . (142)

Noting that

𝐸

[y(𝑛)
𝑁

]
= p(𝑛), and − ln

(
1 − p(𝑛)

)
= Φ0 d(𝑛), (143)

we define the log–transform estimator as

ˆd(𝑛) = − 1

Φ0

ln

(
1 − y(𝑛)

𝑁

)
. (144)

If
y(𝑛)
𝑁

exactly equals p(𝑛), then

ˆd(𝑛) = − 1

Φ0

ln

(
1 − p(𝑛)

)
= d(𝑛) . (145)

Relating the Error to the Proportion. Define

𝑌 =
y(𝑛)
𝑁

. (146)

Then,

ˆd(𝑛) = − 1

Φ0

ln(1 − 𝑌 ) . (147)

For an error tolerance 𝜖 > 0, the event

ˆd(𝑛) − d(𝑛) ≥ 𝜖 (148)

is equivalent to

− 1

Φ0

ln(1 − 𝑌 ) − d(𝑛) ≥ 𝜖. (149)

Multiplying by −Φ0 (and reversing the inequality) gives

ln(1 − 𝑌 ) ≤ −Φ0

(
d(𝑛) + 𝜖

)
, (150)

so that, after exponentiating,

1 − 𝑌 ≤ 𝑒
−Φ0

(
d(𝑛)+𝜖

)
=⇒ 𝑌 ≥ 1 − 𝑒

−Φ0

(
d(𝑛)+𝜖

)
. (151)

Defining

𝑞+ = 1 − 𝑒
−Φ0

(
d(𝑛)+𝜖

)
, (152)

and noting that p(𝑛) = 1 − 𝑒−Φ0 d(𝑛)
with 𝑞+ > 𝑝 (𝑛), we write

𝑞+ = (1 + 𝛿)𝑝 (𝑛) =⇒ 𝛿 =
𝑞+
𝑝 (𝑛) − 1 > 0. (153)

Thus, the event { ˆd(𝑛) − d(𝑛) ≥ 𝜖} is equivalent to

𝑌 ≥ (1 + 𝛿)p(𝑛). (154)

Chernoff Bound. Since y(𝑛) ∼ Binomial(𝑁, 𝑝 (𝑛)) with mean

𝑁𝑝 (𝑛), its MGF is

𝑀𝑦 (𝑛) (𝑠) = (1 − 𝑝 (𝑛) + 𝑝 (𝑛)𝑒𝑠 )𝑁 . (155)

Thus, applying the Chernoff bound,

𝑃

(
𝑌 ≥ (1 + 𝛿)𝑝 (𝑛)

)
= 𝑃

(
y(𝑛) ≥ (1 + 𝛿)𝑁𝑝 (𝑛)

)
≤

𝑀y(𝑛) (𝑠)
𝑒𝑠 (1+𝛿 )𝑁𝑝 (𝑛)

=

[
1 − 𝑝 (𝑛) + 𝑝 (𝑛)𝑒𝑠

𝑒𝑠 (1+𝛿 )𝑝 (𝑛)

]𝑁
.

(156)

Defining

𝑓 (𝑠) = 1 − 𝑝 (𝑛) + 𝑝 (𝑛)𝑒𝑠

𝑒𝑠 (1+𝛿 )𝑝 (𝑛)
, (157)

we have

𝑃

(
𝑌 ≥ (1 + 𝛿)𝑝 (𝑛)

)
≤

[
𝑓 (𝑠)

]𝑁
. (158)

Direct Proof that 𝑓 (𝑠) < 1 for Some 𝑠 > 0. Observe that at 𝑠 = 0,

𝑓 (0) = 1 − 𝑝 (𝑛) + 𝑝 (𝑛)
1

= 1. (159)

Differentiating, writing

𝑓 (𝑠) = 𝐴(𝑠)𝐵(𝑠), with

𝐴(𝑠) = 1 − 𝑝 (𝑛) + 𝑝 (𝑛)𝑒𝑠 ,

𝐵(𝑠) = 𝑒−𝑠 (1+𝛿 )𝑝 (𝑛) .

(160)

so that

𝑓 ′ (𝑠) = 𝐴′ (𝑠)𝐵(𝑠) +𝐴(𝑠)𝐵′ (𝑠), (161)

with

𝐴′ (𝑠) = 𝑝 (𝑛)𝑒𝑠 , 𝐵′ (𝑠) = − (1 + 𝛿)𝑝 (𝑛)𝑒−𝑠 (1+𝛿 )𝑝 (𝑛) . (162)

Evaluating at 𝑠 = 0 (with 𝑒0 = 1) yields

𝑓 ′ (0) = 𝑝 (𝑛) − (1 + 𝛿)𝑝 (𝑛) = −𝛿 𝑝 (𝑛) < 0. (163)

Thus, there exists 𝜂 > 0 such that for 0 < 𝑠 < 𝜂 we have 𝑓 (𝑠) < 1,

and with the similar proof for the lower tail, we obtain

𝑃

(
| ˆ𝑑 (𝑛) − 𝑑 (𝑛) | ≥ 𝜖

)
≤ 2 exp(−𝜅𝑛𝑁 ), (164)

with 𝜅𝑛 = − ln 𝑓 (𝑠) > 0.

A.2.4 Extension to the Full Spectrum. For the spectral vector

d = (𝑑 (1), 𝑑 (2), . . . , 𝑑 (𝐿)) ∈ R𝐿, (165)

assume that at each wavelength 𝑛

𝑏 (𝑛) ∼ Binomial

(
𝑁, 1 − 𝑒−Φ0 𝑑 (𝑛)

)
, (166)

and the estimator is given by

ˆ𝑑 (𝑛) = − 1

Φ0

ln

(
1 − 𝑏 (𝑛)

𝑁

)
. (167)

Then, for each 𝑛,

𝑃

(
| ˆ𝑑 (𝑛) − 𝑑 (𝑛) | ≥ 𝜖

)
≤ 2 exp(−𝜅𝑛𝑁 ), (168)
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Table 3. List of components in our lab prototype

Name Company Item

DMD Vialux DLP7000

SPAD Pi Imaging SPAD 512S

Grating (Grism) Edmund Optics 70 grooves/mm (#46-068)

Prism (Grism) Edmund Optics 5.22
◦
wedge angle (#84-863)

4f relay lens Thorlabs 75mm (AC254-075-AB)

DMD-to-SPAD relay Nikon 105mm f/2.8D AF Micro

and by a union bound,

𝑃

(
max

1≤𝑛≤𝐿
| ˆ𝑑 (𝑛) − 𝑑 (𝑛) | ≥ 𝜖

)
≤ 2𝐿 exp(−𝜅𝑁 ), (169)

with

𝜅 = min

1≤𝑛≤𝐿
𝜅𝑛 . (170)

In particular, if the error is measured in the ℓ2 norm,

∥ ˆd − d∥2 ≤ 𝐿 max

1≤𝑛≤𝐿
| ˆ𝑑 (𝑛) − 𝑑 (𝑛) |2, (171)

so that the overall estimation error decays exponentially with 𝑁 .

B Details of Hi-SPAD lab-built prototype
In this section, we provide the details of the Hi-SPAD lab-built

prototype.

B.1 Hardware Design
Our hardware prototype is built on a pushbroom camera architec-

ture with a Digital Micromirror Device (DMD) for programmable

line scanning and uniquely integrates a SPAD sensor to enable

video-rate hyperspectral imaging under photon-limited conditions.

Figure 6 showcases our lab-built prototype of the Hi-SPAD camera.

The line-scanning HSI acquisition process with a DMD is as

follows. The light coming from the scene is focused on the DMD

through an objective lens and a 4f relay system. The 4f relay sys-

tem is composed of two lenses with focal length of 75 mm. With

this arrangement, we can easily manipulate the scene-to-sensor

magnification by changing the objective lens, without affecting the

rest of the optics. Since we are implementing a pushbroom camera,

the DMD selectively reflects a single column of the focused image

by flipping a corresponding single column of micromirrors toward

the imaging arm. The specific DMD model that we used, Vialux

DLP7000, has micromirrors that flip along their diagonal, which

normally would reflect the optical axis off the horizontal plane; to

resolve this, we tilted the DMD and the SPAD sensor by 45
◦
. Finally,

as is common in all DMD-based imaging design, the optical axis

is no longer perpendicular to the DMD post-reflection; hence, the

SPAD camera is tilted so as to satisfy the Scheimpflug principle

[Scheimpflug 1904]. We place a spectral disperser between the DMD

and the SPAD sensor; specifically, we designed a grism, a combina-

tion of a transmission grating and a prism [Bowen and Vaughan

1973], to simplify the overall alignment and avoid additional skew

in the optical axis. With this, the reflected light from the DMD first

reaches the grating, where the dispersion is performed, and the

prism redirects the first-order dispersion to the desired location on

the sensor. A closer look at the captured column-wise dispersed

images is shown in the first row of Figure 7. By sequentially display-

ing columns on the DMD and capturing the spectrally dispersed

images of each column, we can acquire the data for reconstructing

the hyperspectral cube.

The spatial and spectral dimensions of the captured hyperspectral

cube are jointly determined by the resolutions of the DMD and the

SPAD sensor, as well as the optical magnification. The DMD has a

resolution of 1024× 768 micromirrors and serves as the spatial scan-

ning interface, while the SPAD sensor has a resolution of 512 × 512

pixels and captures the spectrally dispersed light from each selected

DMD column. To ensure that the full width of the DMD is mapped

onto the vertical dimension of the SPAD sensor, the optical magnifi-

cation was chosen such that all 1024 DMD rows are imaged onto the

512-pixel height of the SPAD sensor. The horizontal axis of the SPAD

sensor is reserved for capturing the spectrally dispersed signal. In

our prototype, 123 horizontal pixels were allocated to accommodate

the full spectral dispersion range on the SPAD sensor, resulting in

123 spectral channels in the reconstructed hyperspectral cube. To

prevent overlap between the first- and second-order diffraction, we

computed the angular separation introduced by the spectral dis-

perser and restricted the usable spectrum using a bandpass filter. As

a result, the operational spectral range of our HSI prototype spans

from 445 nm to 910 nm.

It is important to note that while the horizontal spatial dimension

(corresponding to the DMD columns) is preserved through sequen-

tial scanning, the vertical spatial dimension is limited by the SPAD

sensor resolution. Specifically, the 768 DMD columns are scanned

sequentially and thus fully preserved in the reconstructed hyper-

spectral cube. However, along the vertical dimension, the 1024 DMD

rows are optically mapped onto the 512-pixel height of the SPAD

sensor within a single capture. As a result, the effective vertical

spatial resolution of the reconstructed hyperspectral cube is 512

pixels rather than 1024.

As a final step, hyperspectral video is captured by repeating the

above process for each hyperspectral frame, exploiting the high

frame rates of the DMD and SPAD sensor. The DMD and SPAD

sensor are synchronized by connections on the breadboard. The

DMD sends a trigger signal to the SPAD sensor when it displays

a new pattern, guiding the sensor to capture a new image. The

maximum speed of the DMD is 20,000 patterns per second and the

SPAD sensor is 100,000 binary frames per second; theoretically, the

fastest (and noisiest) capture per single column is five 1-bit frames

at 20,000 fps. With this operation, the system can acquire 26 fps

hyperspectral video with 123 spectral channels in the wavelength

range of 445 nm to 910 nm.

B.2 Spectral Calibration and HSI Reconstruction
Figure 7 shows the captured spectrally dispersed images of the

sequence of DMD patterns and captured images when a monochro-

matic light source is illuminated onto the DMD with a dot-column

pattern used for calibration. We define a mapping function 𝐹 that

relates the opened DMD pixel coordinates (𝑥
dmd

, 𝑦
dmd

) and wave-

length (𝜆) to the corresponding SPAD sensor coordinates:

(𝑥img, 𝑦img) = 𝐹 (𝑥dmd
, 𝑦

dmd
, 𝜆). (172)
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From the images in the second row of Figure 7, we detected pixel

locations of dots corresponding to first-order dispersion and built a

dataset of the DMD pixel coordinates and the corresponding SPAD

sensor coordinates under different wavelengths:

M = {(𝑥𝑘
dmd

, 𝑦𝑘
dmd

, 𝑥𝑘
img

, 𝑦𝑘
img

, 𝜆𝑘 )}
𝑄

𝑘=1
, (173)

where 𝑄 is the number of calibration points. A polynomial approx-

imation 𝐹 of 𝐹 is then obtained by minimizing the least-squares

cost

𝐸 =

𝑄∑︁
𝑘=1




(𝑥𝑘
img

, 𝑦𝑘
img

) − 𝐹 (𝑥𝑘
dmd

, 𝑦𝑘
dmd

, 𝜆𝑘 )



2

. (174)

Once the mapping function is calibrated, the hyperspectral cube

is reconstructed by remapping the SPAD sensor measurements to

images at the corresponding wavelengths.

B.3 Background Subtraction for Stray Light Removal
Since the SPAD sensor is highly sensitive to photon-level signals,

stray light can easily contaminate measurements—especially under

low-light conditions typical of video-rate hyperspectral imaging,

where only a few photons are detected per spectral band. Tomitigate

this, we enclosed the entire Hi-SPAD camera system with black

cloth and cardboard shielding during data acquisition to minimize

ambient light intrusion.

Despite this shielding, light from the scene passing through the ob-

jective lens can still reflect off the DMD surface and reach the SPAD

sensor, even when an all-zero pattern is displayed (i.e., when all

micromirrors are directed away from the imaging path). As shown

in the top right of Figure 8, this back-reflected light persists in high-

stray-light conditions and triggers consistent sensor activations.

During line scanning, this appears as spatially translating bright

spectral peaks, resulting in rainbow-like streaks in the reconstructed

RGB image or persistent bright pixels in individual monochromatic

bands. These artifacts are especially prominent in low-light settings,

where signal sparsity increases their relative visibility.

To correct for this, we perform stray-light correction via back-

ground subtraction. Specifically, we compute a background image by

identifying and masking out the region corresponding to first-order

spectral dispersion (mode-1), using the learned mapping function

from the calibration step. We then average the remaining pixels,

under the assumption that consistently firing (stray light–affected)

pixels dominate this region. To account for the masked-out signal

region, we scale the averaged background image by the ratio of the

full DMD width to the width of the excluded dispersion region. This

scaled background image is subtracted from each column-wise raw

measurement to yield the corrected image. Through this method,

we avoid capturing a separate background image for each acquisi-

tion, which would add additional time to the capture process and

slow down the frame rate. The bottom row of Figure 8 illustrates

the effect: after background subtraction, rainbow streaks and spu-

rious bright pixels are substantially reduced, even under extreme

low-light conditions captured using the smallest aperture setting.

C Gallery of the Hi-SPAD Hyperspectral Video
In this section, we exhibit the gallery of the Hi-SPAD hyperspectral

video for indoor, sunny outdoor, and cloudy outdoor scenes.
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0.00 sec 460nm 550nm 660nm 740nm 800nm 900nm 0.60 sec 460nm 550nm 660nm 740nm 800nm 900nm

Fig. 21. Gallery of the Hi-SPAD hyperspectral video for an indoor scene. We exhibit selected bands of the hyperspectral video with the reconstructed RGB
frame. The video was reconstructed from the raw Hi-SPAD measurement with a patch-wise reconstruction network.

0.00 sec 460nm 550nm 660nm 740nm 800nm 900nm 0.88 sec 460nm 550nm 660nm 740nm 800nm 900nm

Fig. 22. Gallery of the Hi-SPAD hyperspectral video for a sunny outdoor scene. We exhibit selected bands of the hyperspectral video with the reconstructed
RGB frame. The video was reconstructed from the raw Hi-SPAD measurement with a patch-wise reconstruction network.

, Vol. 1, No. 1, Article . Publication date: June 2026.



Hi-SPAD: Video-Rate Hyperspectral Imaging and Inference with Single-Photon Cameras • 9

0.00 sec 460nm 550nm 660nm 740nm 800nm 900nm 0.88 sec 460nm 550nm 660nm 740nm 800nm 900nm

Fig. 23. Gallery of the Hi-SPAD hyperspectral video for a cloudy outdoor scene. We exhibit selected bands of the hyperspectral video with the reconstructed
RGB frame. The video was reconstructed from the raw Hi-SPAD measurement with a patch-wise reconstruction network.
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