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Abstract—Single-photon avalanche diodes (SPAD) detect individual photons with fine temporal resolutions, enabling capabilities like
imaging in near-total darkness, extreme dynamic range, and rapid motion. Due to these capabilities, and coupled with the recent
emergence of high-resolution (> 1MP) arrays, SPADs have the potential to become workhorses for computer vision systems of the
future that need to operate in a wide range of challenging conditions. However, SPADs’ sensitivity comes at a high energy cost due to
the underlying avalanche process, which consumes substantial energy per detected photon, limiting the scalability and practicality of
high-resolution SPAD arrays. To address this, we propose approaches to predict and sample only the most salient photons for a given
vision task. To this end, we design computationally lightweight photon-sampling strategies that allocate energy resources for detecting
photons only in areas with significant motion and spatial variation, while continually adapting to changing signals. We demonstrate the
effectiveness of the proposed methods in recovering comparable video to a fully-sampled SPAD capture using only a small fraction of
the photons (up to 10× fewer), across diverse real-world scenes with motion, high dynamic range, and varying light conditions.

Index Terms—Computational Photography, Single-Photon Avalanche Diodes, Practical Single-Photon Imaging
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1 INTRODUCTION

S INGLE-PHOTON avalanche diodes (SPADs) are an
emerging imaging modality capable of capturing in-

dividual photons [5], [6] at ultra-high speeds. SPADs are
rapidly becoming the sensor-of-choice in LiDAR time-
of-flight imaging, and are even being integrated into
high-resolution passive cameras [5], recently reaching the
Megapixel threshold [7], [8]. This breakthrough, for the
first time, has provided sufficient resolution for SPADs to
be deployed as general-purpose cameras across a range
of computer vision tasks, such as object detection, simul-
taneous localization and mapping (SLAM), and semantic
segmentation, under extreme conditions involving rapid
motion, high dynamic range, and low light [9], [10].

SPADs can detect individual photons, which enables
their impressive capabilities. However, this comes at a
price: each photon detection costs energy, which is a unique
challenge faced by SPADs. Unlike in CMOS cameras, pho-
ton detection energy in SPAD sensors is considerable, and
increases with scene brightness [11] (Fig. 1(a)). Another
challenge is that SPADs capture data at high frame rates,
reaching up to 100,000 FPS [12], demanding large band-
width. For example, a 10 megapixel SPAD camera operating
at 100 kHz could consume around 60 Watts of power (as
much as a commodity laptop!), and produce 1 terabit/sec
of data, requiring over a hundred USB-3.0 cables connected
in parallel to read out the sensor data! These resource costs
are prohibitive for many practical applications and would
severely limit the scope of SPAD sensors. Therefore, to
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enable widespread adoption of SPADs, it is imperative to
develop capture and algorithm strategies that considerably
lower the energy consumption and bandwidth requirements of
SPAD arrays. To this end, we raise the following questions:
do SPADs need to detect every photon, or can some be
skipped? Can we predict which photons are likely to be
the most informative before capture, allowing us to focus
our often-scarce sensing and compute resources towards the
salient ones, thereby optimizing energy and bandwidth use?

We observe that a photon-counting camera needs high
photon sampling rates only in salient regions with significant
motion and spatial variation; motion blur is imperceptible for
a patch of constant intensity. Based on this observation,
we predict which photon measurements are more perti-
nent through two computationally efficient operations: a
spatial gradient and a temporal change-point detector. This
salience measure adapts pixel-wise photon-sampling rates
(Fig. 1(b,c)), allocating resources like photon detection en-
ergy to the most informative photons. Neighborhoods with
strong gradients and motion, such as the moving vehicles in
Fig. 1(c), are sampled at the maximal temporal resolution,
while others are recorded at a slower rate. In addition to
the salience-region predictor and a non-uniform approach
to measuring photons, we devise post-capture algorithms
that can produce low-noise yet blur-free videos from the
modified photon stream. (Fig. 1d shows an example re-
construction of a traffic scene.) Our approach uses a small
fraction of photon measurements as the full single-photon
data on a variety of scenes containing both slow and fast
motion, as well as significant illumination variations; Fig. 8
presents a grid of real-world results. In scenarios with high
flux and small amounts of motion, the measurement fraction
may be even smaller, resulting in higher energy savings.

The proposed techniques act as a resource allocator at the
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Fig. 1. Salience-guided sampling for energy-efficient SPAD imaging. (a) Unlike CMOS image sensors (CIS), the power consumption of SPAD
sensors increases with scene brightness due to avalanches, which can limit the adoption of high-resolution SPAD cameras. (b) We propose a
non-uniform sampling method for videography, where we use salient regions, which are regions with considerable spatial and temporal variation, to
predict informative photons—moving cars in this scene. (c) Our salience-guided sampling reduces photon detections to ∼35% of full (dense) capture
to lower the energy cost of avalanches. (d) Computing a box-filter response (Eq. (3)) of the salience-guided measurements reveals their non-uniform
allocation with more measurements in salient regions. We propose post-capture temporal aggregators (Sec. 4.1) that combine non-uniformly
sampled measurements to produce a low-noise and low-blur video. The resulting video enables plug-and-play inference of many downstream
algorithms, such as the Structured Edge detector [1], SIFT feature detector [2], YOLOv11 object detector [3], and the Segment Anything Model [4].

sensor level, selectively blocking non-salient pixel locations
to create a unique pre-capture computational imaging layer.
Despite modifying the raw captured data, its nature and
compatibility with downstream tasks are largely preserved.
We demonstrate this with computer-vision tasks at multi-
ple levels, including low-level (temporal aggregation), mid-
level (edge and keypoint detection), and high-level (object
detection and semantic segmentation) tasks, all of which
successfully operate on the captured photon-stream data
(shown in Fig. 1e). Our salience-guided photon-sampling
approach can apply to a variety of (passive) SPAD pixel
architectures; as case studies, we demonstrate its applicabil-
ity to SPADs that capture photon measurements as binary-
valued detections and exposure-bracket imaging models
that are suited for capturing high-dynamic range scenes.
Further, our capture policy can be coupled with eventful
data encoding, providing bandwidth-efficient readout on
top of capture-time power reduction. The proposed ap-
proach could become a modular component of scalable
SPAD array designs in the future, paving the way for
higher-resolution arrays and/or enabling deployment on
power-constrained devices like cellphones, mobile robots,
and AR/VR wearables.

The layout for the remaining text is as follows. Sec. 2 de-
scribes related work in the imaging literature, and Sec. 3 the
mathematical model of SPAD sensing we assume through-

out the paper. Sec. 4 describes how a sensor may implement
a spatially varying measurement allocation, and how the
resulting non-uniform measurements may be aggregated
over time to recover a visually recognizable video. Sec. 5 de-
scribes a particular salience measure to drive this allocation,
computed from image gradients and a temporal change-
point detector. We present results with our overall design
applied to real-world SPAD data in Sec. 6. Limits on the
performance of this salience detector are identified via simu-
lation of a synthetic probing signal in Sec. 7. We estimate the
potential feasibility of the proposed method in the context
of recent developments in SPAD image sensing in Sec. 8,
and a more general discussion about other potential design
choices follows in Sec. 9.

Scope and limitations. Our non-uniform allocation model
assumes that SPAD pixels can be individually turned on
and off at fast rates. We demonstrate results emulated from
full dense measurements captured using a prototype SPAD
array. Hardware on-chip implementation of our allocation
scheme is an important next step to assess feasibility—
especially of the energy overheads of salience guidance
and resource allocation. Further, by taking fewer photon
measurements, we fundamentally trade off imaging and
vision performance for energy savings; our goal is to de-
sign practical techniques that strike a balance between the
two. While our work does not present a formal analysis



3

of this tradeoff, a quantitative evaluation of imaging and
edge-detection performance is included in Sec. 7.3, and
in Appendix F within the supplement. Limitations to our
approach include challenging scenarios with low light and
high-speed motion, which pose challenges to our salience-
identification and guidance steps—we provide methods to
gracefully handle these conditions.

2 RELATED WORK

Motion-aware videography addresses the temporal reso-
lution limits of traditional cameras that lead to motion
blur. For instance, coded-exposure techniques for photogra-
phy [13] have been extended to increase the effective frame
rate of videos via per-frame exposure codes [14] or multi-
bucket pixels [15], [16]. Post-capture processing of optical
flow balances temporal and spatial resolution at the pixel
level to minimize blur and preserve detail [17]. Recently,
sensors with closed-loop adaptation of pixel-wise exposures
have been developed for high-dynamic range video [18],
[19]. Similar to our method, Naghara et al. [20] calculate
a motion mask to select one of two pixel-wise exposure
patterns for minimal blur or image quality. Our work
extends these approaches to the domain of single-photon
videography, which is constrained by energy consumption
rather than sensor noise.
Scene-adaptive imaging. Foveation, an example of scene-
adaptive resolution allocation, can be realized in imaging
systems by redistributing angular resolution with micro-
electromechanical (MEMs) mirrors [21] or electronically [22].
LiDAR systems can improve efficiency in a scene-adaptive
manner by steering the active illumination [23] or gat-
ing laser pulses based on motion [24]. Other examples of
scene adaptivity include optimal exposure-time sequences
[25], pixel-wise transmission masks [26], and light mod-
ulators [27] that allocate resources across input intensi-
ties for efficient HDR imaging. Bio-inspired event cameras
reduce bandwidth by producing scene-adaptive, parsimo-
nious readout in response to brightness changes [28], [29].
Event encoding has been applied to SPAD cameras to reduce
bandwidth, but this application does not mitigate avalanche
power [10]. Recent work proposed on-sensor inhibition to
improve the photon efficiency of static SPAD imaging [30].
In contrast, we target single-photon videos and adaptively
allocate energy constraints across a range of input motions.
Passive SPAD imaging adoption and capabilities are grow-
ing. Recently, SPAD cameras have achieved [8] and ex-
ceeded 1 Mpixel resolution [7], used timing information to
expand the dynamic range [31], [32], and extracted intensity
fluctuations >GHz [33]. Advances in pixel architectures
have partially addressed light-dependent power for inten-
sity imaging [34], [35], but do not incorporate higher-level
salience when optimizing a pixel’s power consumption.
SPADs capture photon detections as digital quantities, and
so are inherently compatible with on-sensor computation; a
near-sensor imager with a reconfigurable processor [36] has
been applied to emulate motion-compensating cameras [37]
and event-based readout [10]. Other single-photon cameras,
such as jots [38], [39] and superconducting nanowire single-
photon detectors (SNSPDs [40]) either lack the temporal
resolution of SPADs or do not enable on-sensor processing.

3 BACKGROUND: SPAD IMAGING MODEL

SPAD sensors can capture photon detections as a sequence
of binary-valued video frames, at speeds as high as 100 kHz.
Concretely, let the average number of photons that arrive
per exposure at pixel location i and frame index n be H[i, n].
By assuming photon arrivals follow a Poisson process [41],
we can model the SPAD sensor’s output as a Bernoulli
random variable

Z[i, n] ∼ Bernoulli(1− exp(−H[i, n])). (1)

We do not model quantum efficiency or dark counts
explicitly and instead fold them into the definitions of H .
Further, our exposition focuses on SPADs operated using
a clocked-recharge mechanism [11] and with a fixed gate
duration [12]. However, our proposed techniques operate
at a higher level of abstraction than SPAD recharge policies
and can be extended with appropriate modifications to other
recharge mechanisms, e.g., event-driven recharge [42].

4 SALIENCE-GUIDED PHOTON SAMPLING

Our goal is to improve the resource efficiency of SPAD
arrays by predicting the salient photons to sample, and
entirely skipping the measurement of non-salient photons.
Such photon-sampling policies can lower resource costs by
reducing the number of measurements, which can lower
readout energy, and the number of photon detections, which
directly reduces avalanche energy1. We design our photon-
sampling model to operate temporally in a block-wise man-
ner. Within each block, we reduce measurements, or inhibit
them [30], using uniform sub-sampling that is determined
on a per-pixel basis. Specifically, assuming an integer block
size M (128 or 256 in most of our experiments), these sub-
sampled measurements are represented by

Zblock[i, l, p] := Z[i, lM + p · S[i, l]] (2)
l ∈ {0, 1, 2, . . .}, p ∈ {0, 1, 2, . . . , ⌊M/S[i,l]⌋ − 1}.

Here, S[i, l] ∈ {1, 2, 3, . . . ,M} is the sub-sampling factor
which we update over time for each pixel location. We ini-
tially set S[i, 0] = 1 for all i, representing a densely-sampled
set of measurements in the first block. When S[i, l] > 1,
we take fewer measurements compared to dense sampling.
Further, l denotes the block index and p denotes the index
of a 1-bit measurement within a block. Finally, while our
sampling model is temporally uniform within a block, since
we vary the sub-sampling factor S across blocks, our overall
approach is non-uniform across space and time.

To fully describe our photon-sampling model, we first
specify how to temporally aggregate the non-uniformly
sampled values Zblock to recover scene intensities and for
downstream processing. Next, we specify how the alloca-
tion rule, determined by S , can be driven by a salience
measure—a rule to predict which spatiotemporal photon
detections are important. Sec. 5 provides a prototypical
salience measure based on image gradients.

1. The relative importance of detections and measurements to the
overall resource cost depends on the hardware implementation (e.g.,
avalanche quenching mechanisms). Thus, we individually report the
number of measurements and photon detections in our results.
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Fig. 2. Temporally integrating non-uniformly sampled measure-
ments. Top: measurement allocations in this scene prioritize regions
with motion and spatial gradient. Inset shows a long exposure depicting
the range of motion in this scene. Considerable noise persists with box
filtering (Eq. (3)) in pixels with fewer allocations (e.g., near the bus-stop
sign and road here). Bottom: our noise-equalized aggregator (Eq. (5))
reduces noise in these regions by integrating over multiple allocation
blocks. Our motion-metered aggregator (Eq. (8)) further decreases
noise by accounting for the motion observed at each pixel.

4.1 Aggregating Sub-sampled Measurements

Measurements Zblock are non-uniformly sub-sampled SPAD
outputs, which are binary-valued and, owing to photon
noise, stochastic quantities that cannot be readily inter-
preted or consumed by downstream perception. For this
reason, we temporally aggregate Zblock—a simple approach
is to sum measurements across time, like box filtering:

Zbox[i, l] :=
1

⌊M/S[i,l]⌋
∑
p

Zblock[i, l, p]. (3)

Fig. 2 (top row) shows an example of the box-filter re-
sponse along with its per-pixel sub-sampling factors (which
also corresponds to the scene shown in Fig. 1). Since the
sub-sampling factor prioritizes moving regions with strong
gradients, we observe that slow-moving and textureless
regions, which are allocated fewer measurements, feature
considerable photon noise. Fortunately, it is possible to re-
duce noise in these regions by temporally smoothing values,
e.g., by computing an exponential moving average (EMA)
across multiple blocks:

ZEMA[i, l] := A[i, l]Zbox[i, l]

+ (1−A[i, l])ZEMA[i, l − 1].
(4)

We set ZEMA[i, 0] = Zbox[i, 0] for all i. The EMA decay
coefficient, 0 ≤ A[i, l] ≤ 1, controls the extent of temporal
smoothing and can be set based on the sub-sampling rate.
For instance, using

Anoise-equalized[i, l] :=
2

1 + S[i, l] (5)

returns the original box-filter response if there is no sub-
sampling (S[i, l] = 1), and increases the extent of smoothing
as S increases. Eq. (5) is derived so that for a motionless
scene, the variance reduction is independent of the sub-
sampling rate, making noise more spatially uniform (see
Appendix A in the supplement for details). We shall refer to
the exponentially-smoothed output that uses Eq. (5) as the

noise-equalized response. Fig. 2 (bottom left) shows an example
noise-equalized response: we notice near-uniform photon
noise in the image, invariant to the measurement allocation.
Our noise-equalized response is compatible with burst-
photography approaches [43] that are commonly used in
state-of-the-art SPAD intensity-restoration techniques [44],
[45], [46]; we exploit this compatibility in Sec. 6.1. However,
burst photography can be computationally expensive. We
now introduce a lightweight approach for producing low-
noise and low-blur video outputs.

Adaptive Temporal Integration via Motion Metering
Our noise-equalized aggregator is agnostic to the extent of
motion in a scene. Consequently, its temporal smoothing can
be too conservative in slow-moving regions, while simulta-
neously producing motion blur when there is fast motion.
We now aggregate non-uniformly sampled measurements
in a motion metered manner. To do this, we set the EMA decay
coefficient A according to the level of motion observed at
a pixel—allowing us to strongly reduce photon noise in
slow-moving and textureless regions. We track the temporal
distribution of a pixel’s measurements and model the time
to the last abrupt change, or the run-length. We use the run-
length to drive the EMA decay, denoted as Amotion.

We adopt a Bayesian change detection algorithm,
BOCPD [47], [48], and maintain K forecasters (typically
20), {νk}Kk=1 at each spatial location i. These forecasters are
initialized at frame numbers {nk}Kk=1, and denote the prob-
ability of the run-length at frame index n being {n−nk}Kk=1.
The expected run length is then given by

R[i, n] =
K∑

k=1

νk(n− nk). (6)

To reduce the motion blur of the aggregator, we apply
minimum filtering to runlengths R in local windows (e.g.,
9× 9 pixel patches), producing Rmin-filt.. We then set

Amotion[i, l] = 1− exp(−S[i, l]
/
Rmin-filt.[i, lM ]). (7)

This particular form of Eq. (7), notably the exponentiation,
arises from using the run-length estimate to drive the time
constant of the exponential moving average. We provide
more details on how the forecasters are initialized and up-
dated in Appendix B in the supplement. Since BOCPD op-
erates on Bernoulli random variables, our motion-metered
aggregator directly operates on 1-bit SPAD data as

Zmotion[i, n] := Amotion[i, ⌊n/M⌋]Z[i, n]

+ (1−Amotion[i, ⌊n/M⌋])Zmotion[i, n− 1].
(8)

Fig. 2 (bottom right) shows the improved noise reduction of
our motion-metered aggregator by contrasting its response
to the box filter and the noise-equalized response.

Our run-length modeling assumes the underlying flux
to be a piece-wise constant function. However, the tem-
poral aggregator is capable of capturing more general flux
changes. As an example, Fig. 3 shows the motion-metered
response to a moving Gaussian blob. We further analyze the
performance of motion metering in response to a moving
edge in Sec. 7.2. We shall use our motion-metered aggre-
gator as our default choice for producing intensity outputs
from non-uniformly sampled measurements.
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Fig. 3. Motion-metered response to a moving Gaussian blob. (left
to right) We simulate 2048 SPAD frames from a moving point-like
Gaussian signal (at a speed of 1/128 pixels per frame). We illustrate
the noise-blur tradeoff with a spatially uniform temporal integration, with
the maximal and a shorter window size, respectively. Motion metering
(Eq. (8)) results in a spatially-varying integration window (inset), with
stationary points benefiting from reduced noise, but without blur in
dynamic regions.

4.2 Updating the Measurement Allocation
We update the sub-sampling factor S over time as

S[i, l + 1] = min (Smax., round (1/W[i,l])) , (9)

where round is towards the nearest integer, and W[i, l] ∈
[0, 1] denotes the salience measure used. In the next section,
we describe a prototypical measure based on estimated
image gradients. We also set an upper limit on the extent
of sub-sampling: using Smax. ≤ M to ensure that at least
one measurement is made over the block. The optimal
setting of Smax. is scene- and motion-dependent, and we
presently treat it as a user-provided hyperparameter. At a
high level, aggressive sub-sampling can introduce excessive
noise in subsequent blocks and make it difficult to accu-
rately identify salient pixels. An analog of Amdahl’s law for
the design of parallel computer systems also applies here,
in that extreme sub-sampling yields diminishing returns
on energy reduction, since the measurements and photon
detections become more heavily determined by the most
salient pixels—ideally, these salient pixels would not be sub-
sampled. Concretely, in a scene where 10% of the pixel
locations are determined to be salient and are not sub-
sampled (S = 1), increasing Smax. from 10 to 20 (a 100%
increase) reduces the total measurements by just 23%.

5 GRADIENT-BASED SALIENCE ESTIMATION

Sec. 4 described how salience-guided measurements may
be temporally aggregated for downstream consumption. In
this section, we describe how salience maps may be derived
from spatial and temporal gradients. Fig. 4 illustrates the
overview of our proposed salience estimation. We identify
scene regions with motion and strong spatial gradients,
which we subsequently dilate to account for (potential) mo-
tion across temporal blocks and use to drive the allocation
for the next-to-be-observed set of measurements.

We estimate the spatial gradient using the discrete dif-
ferentiation kernels proposed by Farid and Simoncelli [49].
These are designed to obtain as rotationally symmetric a
response as possible from a compact and separable set of
filters. We use the 7-tap kernel, which is applied directly
to box-filter response, Zbox (Eq. (3)), even when it has
spatially-varying noise due to non-uniform measurement
allocations. Direct application avoids errors arising from any
excessive temporal smoothing in the adaptive integrators,

and simplifies the estimation of noise in the gradient; the
latter is described in Sec. 5.1. Our salience measure is ini-
tially based on the standard or z-score of the gradient, and is
defined in Sec. 5.2. We augment it with a proxy of temporal
gradients in the form of change points (abrupt changes
within a measurement block), to mask out spatial gradients
that are strong but from static or slow-moving regions, and
therefore not necessary to sample rapidly. These details are
described in Sec. 5.3.

5.1 Estimating Noise in the Gradient

We compute the spatial gradient as

G{x,y}[i] :=
∑
i′

g{x,y}[i
′] Zbox[i− i′], (10)

where g{x,y} denotes the gradient kernel along one of the
two spatial axes; we drop the temporal index l for brevity.
Let Zsm. denote a spatial smoothing of the box-filter re-
sponse (we use a Gaussian blur kernel of standard deviation
3 pixels). The variance of G[i] may be approximated as [50]:

Var(G{x,y}[i]) ≈
Zsm.[i](1−Zsm.[i])

⌊M/S[i]⌋
∑
i′

|g{x,y}[i′]|2. (11)

The sum expression in Eq. (11) can be pre-computed: for
the gradient kernels used here, this evaluates identically for
both x and y. The above assumes the entire neighborhood
is acquired using the same number of measurements (see
Appendix C in the supplement for details), which is inexact
for general non-uniform sampling but is effectively correct
in our design at the pixel locations predicted to have strong
gradients, due to the dilation of salience measures which we
discuss shortly.

5.2 Salience from z-scores

We convert the gradient response to a z-score as

ZG [i] :=
∥Gx[i],Gy[i]∥2√
Var(G{x,y}[i])

. (12)

The above expression ignores the correlation between the
x- and y-responses, and thus, implicitly assumes a Rayleigh
distribution for the 2D gradient magnitude. This assump-
tion underestimates the variance, somewhat offsetting the
over-estimation in Eq. (11) from using a local mean flux
estimate.

0 z
0

z 
0

1

W
(z

)

Fig. 5. z-score to salience mapping.

Next, we map the z-
score to the [0, 1] range. We
define a scalar parameter
z0 representing an estimate
of the noise floor, shared by
all pixels and set ahead of
time. In our experiments,
we set z0 ∈ [2, 6], typi-
cally 3. We then compute
the salience measure pixel-wise as (indexing omitted for
brevity):

WG(ZG) := 1− exp (−max (0,ZG − z0)) . (13)

This z-score to salience mapping is sketched in Fig. 5.
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Fig. 4. Outline of gradient-based salience estimation, with references to relevant method sections. We select regions with strong spatial gradients
and motion. The spatial and temporal selection masks are dilated to account for inter-block motion and subsequently drive the allocation for the next
set of measurements. The spatial branch computes gradients on the box-filter response (Eq. (3)), while the temporal branch uses the run-length
estimates constructed for motion metering (Eq. (8)).

Predicting the Salient Pixels in the Next Block

A crucial step in our allocation scheme is to use the current
set of salient pixels to predict the salient pixels in the next
block. Because of the high temporal resolution of SPADs,
when the block length M is not too large, the motion
between adjacent blocks is small, at most a few pixels for
the sensor and scenes tested here. We determine the salient
pixels in the next block by dilating the (current) set of salient
pixels—which we implement using a local maximum filter
with a window size greater than the gradient kernel size
plus twice the maximal motion between adjacent blocks.
Dilation may be interpreted as enforcing a uniformly and
maximally sampled image at the salient pixels. The final
result, denoted as Wdil.

G , serves as the salience score in
Eq. (9) and drives the sub-sampling rate for the next block.

5.3 Temporal Change Detection to Identify Static
Boundaries

Regions with strong spatial gradients but which are (nearly)
static do not require maximal allocation in each block, since
the motion metering of Sec. 4.1 automatically extracts a
longer integration window, so infrequent measurements are
sufficient for a low-noise estimate. For this reason, we pick
points with strong spatial and temporal changes detected
locally, which we implement as point-wise binary masking
with the (non-dilated) salience measure WG. We note that
masking is different from using a spatio-temporal gradient,
which would be functionally closer to an OR gate.

We detect changes using the per-pixel forecasters men-
tioned in Sec. 4.1 by keeping track of the forecaster associ-
ated with the binary-frame index that corresponds to the last
abrupt change. Denoting this forecaster by νk∗ , we detect a
change point whenever νk∗ < maxk νk. Once a change is
detected, we set k∗ = argmaxk νk. A similar dilation as for
the spatial salience is performed here as well.

Fig. 6 shows an outline of the measurement allocation
process for the traffic scene from Fig. 1. Spatial gradients
result in allocations towards static regions such as road signs
and markings, and the bus stop on the lower right. Change-
points have many false positives outside the moving ob-
jects in the scene. However, when combined, the resulting
measurement allocation pattern focuses on regions in the
proximity of strong spatial gradients and temporal changes,
and hence reduces the resource consumption.

Rapidly changing illumination: the combination of spatial
and temporal cues plays a significant role in improving
energy-efficiency in scenes with artificial lighting, which
contains a rapidly varying flicker component (Fig. 7). In
these conditions, change-points detected pixel-wise may not
be localized to textured regions, and if we were to rely solely
on temporal changes to drive the salience measure (and the
subsequent measurement allocation), the gains in energy-
efficiency would be limited (54% photon detections in the
example of Fig. 7). By combining temporal changes with
spatial gradients, the allocation scheme is more selective
(21% detections), while still yielding a comparable image.

5.4 Fallback to Uniform Sampling on Detector Failure

In very low light or when the sensor is saturated (flux >>1
photons per pixel per binary frame, or 1 ppp), the salience
measure, WG, may be zero at nearly all pixels. In this case,
Eq. (9) allocates very few measurements, creating inaccurate
gradients, and potentially leaving the sensor unprepared
for any eventual changes in illumination levels. To prevent
this, we fall back to uniform sampling when the number of
pixels with non-zero WG is under a threshold (around 2.5%
of pixels). With a fixed threshold, we occasionally observe
oscillations in the sampling rates (some examples may be
seen in the videos included in the supplementary mate-
rial). These may be prevented with hysteresis—by keeping
track of past allocations—in a future version. We note that
variations in sampling rates do not generate video artifacts
because the motion-metered response accounts for irregular
time gaps between samples [51].

5.5 Extension to Exposure Brackets for HDR Imaging

Exposure brackets, i.e., measurements sequences with dif-
ferent exposure times (like brackets in conventional CMOS
imaging), are often used for efficiently imaging high-
dynamic range scenes—since individual binary frames can
be quite wasteful for measuring flux levels when photon-
detection probabilities are very close to 0 or 1. However,
exposure-bracketed measurements cannot be modeled as
identically Bernoulli- or binomial-distributed for a given
true flux level, invalidating the temporal integration ap-
proaches described in Sec. 4.1. Further, the original noise
model for the spatial gradient given in Sec. 5.1 also cannot
be applied directly to exposure-bracketed measurements.
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Fig. 6. Combining of spatial and temporal cues for measurement allocation. Left & middle: gradient z-scores and a per-pixel binary map of
changes detected, for the scene shown in Fig. 1. Right: measurement allocations based on using spatial gradients alone (total measurements: 85%
of the full data), change-points alone (68%), and their combination (38%).
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Fig. 7. Response to rapid illumination changes. This scene is imaged by a SPAD at 10 kHz from a stopped vehicle at night. There is no camera
or scene motion, but substantial illumination variation due to the street lamp flicker. Left: an average of all frames smooths the flicker. Second
from left, top: frame-wise mean values reveal a flicker frequency of 120 Hz; bottom: change-points are detected continually at nearly all strongly
illuminated pixels. Right half, top row: when measurements rely solely on change-points (dilating over a 3 × 3 window), resources are inefficiently
allocated to untextured regions. Bottom row: combining change-points with spatial gradients restricts the allocation to edge-like pixels and reduces
detection energy by 2.5×. Right-most column: motion-metered response (Eq. (8)).

We now construct a version of the proposed salience-
guided sampling method using spatial gradients and the
noise-equalized response. (Because of technical difficulties in
working with non-Bernoulli distributions, we do not extend
motion metering and temporal change detection to this ver-
sion.) We convert bracketed measurements to a (maximum-
likelihood) flux estimator and substitute the binomial vari-
ance expression in Eq. (11) with the variance of this flux
estimate. Unfortunately, the latter is challenging to derive
analytically for the maximum-likelihood estimator. Instead,
we use a proxy, in the form of the optimal linear combination
of the bracketed measurements, which has been previously
analyzed in detail [52]. The rest of the method proceeds
similarly to the case of a single fixed binary-frame exposure,
including compensating for non-uniform sample allocation
via the noise-equalizing aggregator. A detailed description
of maximum-likelihood estimation for exposure bracketing
is provided in Appendix D within the supplement, includ-
ing the variance expression for the linear combination proxy.

Our compatibility modifications for exposure bracketing
show the requisites for extending the proposed allocation
process to other SPAD imaging models [30], [32], [35], [42],
[53]: 1) a per-pixel flux estimator accessible at the temporal
block granularity and 2) its accompanying noise model.

6 RESULTS ON REAL SPAD DATA

We demonstrate salience-guided sampling on a variety of
scenes captured using the SwissSPAD2 sensor [12], which

has a spatial resolution of 512×256 (in half-array mode); the
sensor is run at 96.8 kHz in most scenes. As a pre-processing
step, we replace known “hot” pixels (i.e., very high dark
count rate) with values from their nearest neighbors. The
SPAD data is captured on-sensor densely, and our method
is implemented in software.

Fig. 8 shows that our salience detection largely succeeds
in restricting the photon detection budget towards locations
of motion. Naturally, a static camera offers more scope
for efficiency gains—as seen in Fig. 8(a–d). When there is
no motion (ego or subject), the allocations automatically
drop, as seen in the left column of Fig. 8(e) where both
the photon detections and measurements are under 10%
of dense sampling. The presence of ego motion still per-
mits significant savings due to many image regions being
texture-less, especially in indoor scenes containing solid-
color walls, such as the middle column of Fig. 8(e). Even
in outdoor scenes, there is scope for savings (e.g., sky
regions). Our proposed algorithm can run robustly without
requiring manual intervention over long durations, which
we show in Fig. 8(f); this is a low-light scene with significant
illumination variations that leads to failures without the
fallback option discussed in Sec. 5.4 (automatically resorting
to dense sampling when too many salient pixels leave the
field-of-view).

We show results for a high-dynamic range scene in the
top rows of Fig. 9(a, b). Due to a combination of camera and
subject motion, and intricate scene content, measurements
reductions via spatial allocations are relatively small (∼30–
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non-uniform sub-sampling 
+motion metering

uniform sub-sampling (4×)

photon detections

(a) Spinning prize wheel. Uniform sub-sampling leads to noise and
blur with short and large block lengths, respectively. Salience guidance
provides a higher-quality output, using ∼25% of the dense data and
photon detections. We used M = 64 and Smax = 16 in this scene.

(b) Toy pops up. Motion metering applied to salience-guided sampling
captures the fast dynamics of a jack-in-the-box toy as it pops up. Inset
shows the range of motion as a long exposure. Total detections and
measurements are 24% of full data. We used M = 256, Smax = 16.

(c) Water splash. Our approach can also capture non-rigid dynamics,
such as the water splashed by a falling tennis ball. Cumulative detec-
tions and measurements are 35% and 27%, respectively, of full data.
We used M = 128 and Smax = 16 in this scene.

(d) Winter stroll. A slight camera motion results in branches and road
outlines also getting sampled at a higher rate in addition to the moving
pedestrians. Total detections and measurements are 57% and 53%,
respectively, of full data. We used M = 256 and Smax = 16 here.

(e) Hallways translation. A SPAD camera (run at 16 kHz) is translated across a hallway in a moving cart. There are large illumination variations in
this scene as the cart exits the hallway and enters a dark room (right column). Cumulative detections and measurements are both 42% of full data.
We use GIMP [54] for tone-mapping the motion-metered response in low light. We used M = 256 and Smax = 16 in this scene.

(f) Nighttime driving. We run our algorithm continuously throughout this 15 min sequence (SPAD run at 10 kHz), with no manual intervention or reset.
There are rapidly flickering light sources in the scene. We show the noise-equalized response instead of the motion-metered response, which is
slightly too motion-blurred here. Road markings and signs are visible even after sub-sampling, with a total 30% of the detections of a dense capture
(and 24% of the measurements). We used M = 128 and Smax = 16. The middle frame is originally very dark and is tone mapped for visualization.

Fig. 8. Results on real SPAD data. We show the motion-metered response, measurement allocations and photon-detection distributions on a
variety of scenes. These scenes include slow and fast motion, rigid and non-rigid dynamics, and low light to daytime environments. The duration
of these sequences is about 1 second in (a)–(d), 1 minute in (e), and 15 minutes in (e). We highlight measurement sparsities and photon-detection
distributions, and the general lack of motion blur in the recovered frames. Please see the supplementary material for video visualizations.
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40%). However, this reduction can be coupled with reduced
photon detections that stem from using exposure brackets,
which we show next.

6.1 Combination With Exposure Brackets for HDR
As described in Sec. 5.5, our approach is compatible with
flux estimators from exposure bracketed measurements and
using saliency determined from (only) spatial gradients. We
demonstrate this compatibility in Fig. 9, where we use an
exposure bracket with two measurements with the original
SPAD binary exposure, and one measurement each with 4×
and 16× the exposure, respectively. We use the “saturation
look-ahead inhibition” policy that improves the efficiency of
(sequentially captured) exposure brackets [30]; this policy
inhibits photons at pixels predicted to saturate to reduce
avalanche power with minimal impact on signal-to-noise.

We treat the bracketed data as a composite measurement
made throughout 22 recharge periods. We define the block
size for salience-guided sampling to be 6 of these compos-
ite measurements. At every block, a pixel makes between
1–6 composite bracketed measurements, directed by the
gradient-driven computations described in Sec. 5. Given
the original sampling rate (SPAD frame-rate) of 8 kHz, this
means that the sampling budget is adjusted at a temporal
resolution of approximately 60 Hz (estimated as 8 kHz/ 22
recharges / 6 composite measurements).

We show results for the bracket-based capture in the
bottom rows of Fig. 9(a,b). As exposure brackets capture
very few photons in a single cycle, a single temporal block
does not quite yield a high-quality image, even with noise-
equalized aggregation (Eq. (5)). For this reason, to produce a
high-fidelity image, we aggregate information across larger
spatio-temporal windows using burst reconstruction2 [43],
[44]. In strong lighting conditions (Fig. 9(a)), salience-guided
bracketed measurements yield image reconstructions com-
parable to densely-sampled photon streams, while incurring
93% fewer detections than the full data. If we were to use
brackets alone, without any spatially-selective allocation,
the detection reduction is about 88%, thus highlighting
the complementary and compounding effect of combining
exposure-bracketing capture policies with our proposed
salience-guided allocation schemes.

The high-dynamic range (HDR) setting, however,
presents room for improvement. Low and intermediate flux
levels are more challenging for reliably detecting salient pix-
els. While the pre-set threshold on the minimum number of
salient pixels (5%) does detect very low light and falls back
to uniform sampling, near the threshold some undesirable
artifacts are possible as some salient pixels are detected but
others are not, potentially leading to a spatially-varying
motion blur (as seen in Fig. 9(b)). This challenge is also
present with fixed-exposure data (see full video sequences
in supplement for examples), but in HDR settings—where
exposure brackets are typically used—the likelihood that
some salient region is very dimly-lit is higher. Better detec-
tion of faint gradients becomes even more important in this
scenario, perhaps using multi-scale processing [55].

2. Burst reconstruction is much more computationally costly than
the noise-equalized or motion-metered response applied to a non-
bracketed exposure, so we effectively trade off power consumption at
capture versus downstream by using brackets.

6.2 Plug-and-play downstream processing
Together, our salience-guided allocation process and tem-
poral integrators efficiently realize a high-speed video in
the ∼ 100–1,000 Hz range. These video frames can be
readily processed by many algorithms designed for single-
photon imaging, such as the burst restoration techniques
demonstrated in Fig. 9, and off-the-shelf computer vision
algorithms (Fig. 1e). We expect this operating mode—where
the output of our temporal integrators is directly consumed
downstream—to be a default, (computationally) efficient
option for many application scenarios.

Noise reduction at the temporal block-level: in scenarios
where the temporally integrated responses are still too noisy
(low light or extremely fast motion), we may apply a va-
riety of image and/or video reconstruction algorithms to
improve them first. Quanta Burst Photography, as shown in
Fig. 9, is one such example, but other approaches such as
QUIVER [46] or bit2bit [58] are also similarly applicable.
Methods aimed at Poisson noise reduction [56] or even
Gaussian denoising [57] may also be considered: while
not optimal for the SPAD measurement distribution, they
potentially offer other benefits like a faster implementation
or being trained with larger datasets, and their performance
may be acceptable in practice. Some example results are
shown in Fig. 10 and compared with the original noise-
equalized and motion-metered responses.

In-filling skipped binary measurements: while the pro-
posed adaptive temporal integrators can hide the non-
uniformity in sampling, reading them at block-wise gran-
ularity loses some information. At salient pixels, we would
still have ultra-high-speed capture (∼ 100 kHz), so an op-
portunity remains to fully exploit this temporal resolution,
and extract and/or compensate motion even between bi-
nary frames in these locations, often in the sub-pixel range
[44], [59]. However, most existing single-photon vision algo-
rithms in these regimes expect a uniformly sampled photon
cube, whether for reconstruction or higher-level tasks. For
compatibility with these methods, we may in-fill or halluci-
nate the missing binary pixel data (light-red tinted regions
in the left-most diagram in Fig. 1d), as simulated Bernoulli
random variables. The next question is to set the probability
of photon detection in this simulation, for which we use the
motion-metered response as our estimator3.

Fig. 11 shows burst reconstruction with such a data
stream, for the scene shown in Fig. 1. Compared to recon-
structing from the temporal integrator responses at block-
wise granularity, we get similar results in the sub-sampled
(and therefore hallucinated) regions: there is no free lunch
here, as expected. However, fully-sampled patches do ben-
efit from sub-pixel motion compensation at the binary-
frame level, as demonstrated previously [44]. The sub-
sampled/hallucinated regions can still be denoised further
using existing approaches, similar to Fig. 10.

6.3 Bandwidth-Efficient Eventful Readout
We show further compatibility with recent event-camera
inspired approaches that reduce SPAD data readout [10],

3. We may refine this estimate using another reconstruction algorithm
(possibly in an iterative loop), but that direction is not pursued here.
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photon detections
per binary frame

exposure brackets + non-uniform sampling
+ noise equalization + burst reconstruction

measurements
(relative to spatially 
uniform brackets)

non-uniform binary sampling
+ motion metering (no burst processing)

t t l  6 % o f ll da a

photon detection rate

(a) Strong-flux condition (∼1 ppp). Top row results obtained similar to
Fig. 8. Bottom row shows burst reconstruction applied to the noise-
equalized response of non-uniformly sampled bracketed measure-
ments; inset shows the noise-equalized response. The per-pixel dis-
tribution of the number of bracket cycles is shown in the green-tinged
image, and the effective photon detection rate in the lower image. The
detection rate with all bracket cycles active is 12% of the full data here,
meaning a ∼40% reduction is obtained from non-uniform sampling
(comparable to that for fixed-length exposures in the top row).

photon detections

measurementsnon-uniform exposure brackets 
+ noise equalization + burst reconstruction

non-uniform binary sampling 
+ motion metering

photon detections

total: 10% of full data

burst reconstruction
from full data

total: 73% of full data

(b) Intermediate-flux condition (∼0.1 ppp). Top row: similar to top row
of (a) and Fig. 8, with burst reconstruction on the densely sampled
data shown for reference. Bottom row shows corresponding results for
the exposure brackets-based acquisition. In this scene, gradients in
brighter regions (right half of image) are detected but not in the dimmer
parts on the left, resulting in a spatially varying amount of motion blur.
This behavior depends on the thresholds set for the gradient z-scores
(here 3), and for the density of salient points required to be found in the
image (here 5%), to fall back onto uniform sampling.

Fig. 9. Results on a high-dynamic range scene. A SPAD camera, operated at 8 kHz, captures a person walking out from a dimly-lit corridor onto
the foyer and then outside in bright sunlight. Our compatibility with exposure brackets provides strong energy savings in HDR settings, particularly
in very bright light. The foyer has scene regions with large intensity differences (as seen in b). For this scene, we used M = 128 and Smax = 16
when working with fixed-length exposures and M = 6 and Smax = 6 with exposure brackets. Please see the supplement for video results.

[37], [60]. We transmit the motion-metered integrator’s re-
sponse in an eventful manner, by transmitting its significant
changes (absolute deviation > 0.05) between subsequent
blocks (of size M ). We encode the first motion-metered
response as a dense frame and subsequent events using the
compressed sparse column (CSC) encoding. We quantize the
encoded integrator values using 10 bits and share frame-
index information across the CSC-encoded event frame.

Fig. 12 shows eventful transmission of our motion-
metered response on two scenes, one with subject motion
and the other with camera motion, demonstrating a 8–
20× and 50–100× readout reduction over dense-periodic
transmission (every M binary measurements) and reading
out raw photon detections, respectively. As the right-most
column of Fig. 12 shows, intensity images can be recovered
from the events by simply accumulating their values. We
note that since motion-metering updates at the full 1-bit
SPAD sampling rate (Eq. (8)), in principle, the frame-index
information may also have the same temporal resolution,
and comparable to event cameras.

7 SIMULATION-BASED PERFORMANCE ANALYSIS

We now present simulations that analyze the spatial and
temporal branches of our salience-guided allocation process
(overview shown in Fig. 4). We measure the accuracy and
delay of salience detection for an example moving-edge

signal (shown in Fig. 13a), and vary its speed of motion,
the contrast in intensity across its two regions, and the
mean flux level. We set the image resolution of the moving
edge to be 32×32, and generate 2048 SPAD frames; no sub-
sampling is performed since the proposed algorithm targets
a dense sampling near highly probable regions of saliency
Our simulation aims to represent a highly localized spatio-
temporal window containing a single moving edge, which
motivates this choice of image resolution.

7.1 Spatial Branch: Gradient-Based Salience Detection

We use the 7-tap kernel, and sweep over the block size M
used for calculating the box-filter response (Eq. (3)) that is
centered on the middle frame of the sequence and used to
estimate spatial gradients (Eq. (10)). We extract two sets of
pixels from the ground-truth signal, representing true edge
locations and known background pixels that are at least
five pixels away from both the edge and the borders of the
image (shown in Fig. 13a). From the thresholded z-scores of
the gradient responses (set as 3), we calculate precision and
recall, and in turn the F1-score.

We conduct 1024 trials and report the median F1 score
across them in Fig. 13b. Salience is near-perfectly detected
(F1-score close to 1) in many scenarios, especially for favor-
able settings where either the contrast is very strong or the
motion is limited. Expectedly, while a longer block duration
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→ FastDVDNet
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→ QUIVER

Fig. 10. Plug-and-play reconstruction. Comparing reconstruction results from non-uniformly sampled data with their equivalents extracted from
the fully-sampled photon detection sequences, for the middle snapshot from Fig. 8e. Left-most two columns: the proposed adaptive temporal
integrators; the fully-sampled equivalent of the noise-equalized response is the box filter (M = 256 for both). Right-most three columns: the noise-
equalized response further denoised, using frame-by-frame BM3D for Poisson distributions [56], FastDVDNet for videos with Gaussian noise [57],
and QUIVER for single-photon videos [46]. The QUIVER output is tone-mapped using Contrast-Limited Adaptive Histogram Equalization (CLAHE).

burst reconstructions from QBP

from motion-metered response,
block-wise granularity

fully-sampled data,
binary-frame granularity

in-filled data,
binary-frame granularity

Fig. 11. Re-generating a full binary photon cube. Left: for the sequence of Fig. 1, binary samples are randomly generated at disabled pixels
based on a guide frame (here the motion-metered response). The original fully-sampled binary SPAD data is shown for comparison. Right: quanta
burst reconstruction [44] from three distinct inputs: from left to right, the motion-metered response from the non-uniformly sampled data, sub-
sampled once per temporal block (M = 256); the original fully-sampled photon detections; and the synthetically in-filled detection sequence. The
block-wise result from non-uniform sampling is close to that from the fully sampled photons at the maximal temporal resolution, except at the vehicle
in the right lane which shows some motion blur. Using in-filled full-frame-rate data reduces this blur.

15125 bits/pixel/second
1782 

bits/pixel/second 0.971 MS-SSIM
28% detections 

(of full data)

15125 bits/pixel/second

motion-metered response

26% detections 
(of full data)

photon detections

788 bits/pixel/second

eventful transmission

0.952 MS-SSIM

telescoped (cumulative) values

Fig. 12. Eventful transmission for bandwidth-efficient readout. We transmit significant changes in the motion-metered response (left-most
column) across temporal blocks; the first response is encoded densely. Second from right: significant changes, or events, which predominantly
encode motion information; gray denotes no change (we apply contrast stretching to more clearly show the significant changes). Eventful
transmission can reduce readout by 8–20× and 50–100× compared to periodic dense readout (of motion metering) and over raw photon detections,
respectively. Right most: intensity frames can be recovered from event frames by simply accumulating event values. MS-SSIM (higher is better) is
computed between the original motion-metered response and accumulated event values.
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Fig. 13. Performance of spatial-gradient estimation of a moving
step edge. (a) Visualization of reference signal and its motion direction,
and the pixels considered for computing precision and recall. (b) F1-
scores after thresholding z-scores under various signal and measure-
ment parameters. Outer axes of the grid vary the motion velocity and
signal contrast; within one graph the F1 score is plotted against the
temporal aggregation window size M , for different mean flux levels. A
score of 1 represents perfect detection: full recall and no false positives.

reduces noise, it is also prone to motion blur and missed
detections. Block size less than around 2/edge speed detects
that edge velocity (and any edge that moves at a slower
rate, albeit with a slightly sub-optimal efficacy).

With respect to flux levels, we see good performance
from 0.1 photons per pixel per binary measurement (ppp),
and up to 3 ppp. Very low light (∼0.01 ppp) consistently
fails. We also see failures with low edge-contrast ratios
across light levels. Both these challenges are also observed
with real data. We could improve the performance in these
regimes by using multi-scale gradient extraction [55], or
possibly by lowering the detection threshold (which would
improve recall at the cost of precision).

7.2 Temporal Branch: Change Detection and Motion
Metering

To analyze the temporal branch, we measure the perfor-
mance of change-point detection and the error in (min
filtered) run-length estimation by considering the same
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Fig. 14. Change-point detection and run-length estimation of a
moving step edge. Top: F1-scores for change-point detection, with
false positives comprising change-points flagged outside of 200 frame
indices of the groundtruth change. Bottom: error in run-length estimates
at the end of the photon-stream sequence (2048 binary measurements).
In both rows, we see better performance for more abrupt (faster-moving
edges) and large contrast changes.

moving-edge input signal in Sec. 7.1. As a recap, change-
points are estimated in a per-pixel manner using the esti-
mated run lengths. Whereas, minimum-filtered run-length
estimation outputs the minimum estimated run-length
across overlapping patches of pixels (11 × 11 here). Run-
length estimation error, which compares the estimated time
since the last abrupt change to the actual abrupt change-
point in the ground truth signal, serves as a proxy for the
detection delay when processing a moving edge.

Fig. 14 shows the F1-error in change-point detection
(median across 1024 trials) and run-length estimation error
(mean across 128 trials). False positives for change detection
comprise changes flagged outside a certain interval of the
actual change: 200 frame indices here. For both change-
point detection and run-length estimation, we see that faster
moving edges result in better performance—which, while
surprising, is a consequence of our run-length modeling that
assumes incident flux to be a piece-wise constant function.
Like Fig. 13, performance improves with contrast ratio. We
also see good performance in similar flux ranges (∼0.2–3
ppp) and failures in very low light (∼0.05 ppp).

7.3 Image-quality and Edge-detection Evaluation
We compare motion metering on salience-guided sub-
sampling to motion metering on uniformly sampled mea-
surements (same sub-sampling factors for all pixels) using
the Multi-Scale Structural Similarity (MS-SSIM [61], [62])
and the Feature Similarity (FSIM [63]) metrics. We provide
a summary of our results here and refer the reader to Ap-
pendix F within the supplement for a detailed presentation.

Image-quality-wise, for the same number of measure-
ments, we find that motion metering improves over box
filtering, and salience-guided sampling improves over uni-
form sampling. However, perhaps counter-intuitively, we
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find edge-detection performance to not be starkly differ-
ent across the proposed methods (motion metering on
salience-guided versus uniformly-sampled measurements).
This conclusion appears to be a result of the edge detector
(Structured Edges [1]) being resistant to motion blur and
noise to some extent. So while the current design of the
salience detector preserves neighborhoods around strong
edges (which can aid image quality scores), the edges them-
selves are often detectable from uniformly sub-sampled data
nearly as well. It would be interesting to repeat this experi-
ment with salience detection that prioritizes faint gradients,
which are indeed lost after uniform sub-sampling.

8 DISCUSSION: FEASIBILITY OF IMPLEMENTATION

The proposed approach is designed for relatively high-
resolution SPAD sensors (> 105 pixels) with sub-µsec. pixel
addressing and control [11]. While significant progress has
been made in recent years towards building near-sensor
processing architectures for SPADs [36], support for these
imaging specifications is still anticipated to be a few years
away. That said, we expect it to emerge eventually, anal-
ogous to developments in smartphone camera processors
to support ISP and control algorithms for conventional
image sensors [64]. We justify this optimism through a more
detailed analysis of the complexity of the different stages of
the proposed adaptive imaging system.

Pixel-wise sub-sampling
Our salience-guided sub-sampling relies on dynamically
turning on or off individual SPADs. A potential hardware
implementation would disable SPADs by lowering the bias
voltage at selected pixels, preventing photon avalanches
and suppressing downstream digital activity [8], [34], [35].
The sub-sampling control signal could be realized by a
configurable in-pixel division of the global clocked-recharge
signal, which operates at the frame rate of the SPAD sensor.

Adaptive temporal integration; eventful readout
Pixel-wise temporal integration relies on the availability of
near-sensor arithmetic processing units; very similar op-
erations to the proposed motion-metering have been run
previously on such hardware, including (emulation-based)
experiments with sensor resolutions similar to the SwissS-
PAD2 used here [10], [37]. The same processing units also
enable on-sensor compression of the kind shown in Sec. 6.3.

Spatial filtering
While spatial convolution-like processing has been recently
demonstrated on SPAD-centered image processing archi-
tectures [37], the feasibility of extracting gradients at 100
kHz frame rates at high sensor resolutions (∼ 1 MP) is still
unclear. Fortunately, the computations of Sec. 5 occur at a
much lower cadence, due to the tolerance of the salience
detector to motion blur: as shown in Sec. 7.1, motion blur
of 1 to 2 pixels over a temporal block is tolerated. For
the experiments presented in Sec. 6 this works out a rate
of around 100 to 300 Hz, well within the capabilities of

current image processing units for smartphone cameras [64],
with sophisticated on-chip inter-connection networks. Our
proposed operations are separable in x and y, with a con-
stant (signal-independent) computational complexity. We
may additionally trade off performance for computational
cost by opting for smaller kernels, e.g. 3-tap vs. 7-tap, or
working at a lower resolution via binning.

GPU-based empirical complexity estimate

Functioning as a stand-in parallel computing architecture,
runtimes on an Nvidia RTX 3090 Ti GPU are reported in
Table 1, for processing a sequence of 8,192 binary frames
(∼ 0.1 seconds of real time). With the caveat that an eventual
on-sensor implementation may yet be significantly different,
we find that at least on this GPU, the complexity is largely
dominated by the temporal integration and change-point
detection steps, as only they execute at the SPAD’s binary
capture rate. Specialized SPAD-centered processing archi-
tectures are likely to enable much more efficient execution of
these operations [36], [37], potentially in real-time. However,
this paper does not yet prove this claim; an important next
step in this direction could involve execution on a software-
based emulator of these architectures.

TABLE 1
GPU-based wall-clock run-times to process 8,192 binary frames

(resolution 496× 254) on a NVIDIA RTX 3090 Ti GPU.
Parameters: block size M = 256, 7-tap gradient kernels,

dilation window size 11× 11.

Operation Time
(secs.)

temporal box-filter (Eq. (3)) 1.055
noise-equalized response update (Eqs. (4) and (5)) 0.153
motion-metering update (Eq. (8)) 3.739

& change-point detection (Appendix B)
spatial gradient (Farid and Simoncelli [49]) 0.013
salience measure computation (Secs. 5.1 to 5.4) 0.327

& sampling rate update (Eq. (9))
eventful encoding (Sec. 6.3) 0.483

9 FUTURE OUTLOOK: DESIGN LANDSCAPE FOR
PREDICTIVE (PASSIVE) SPAD SAMPLING

We propose a possible computational approach to improv-
ing the energy-efficiency of SPAD cameras, based on allo-
cating photon measurements preferentially where they are
needed the most – in regions with strong spatial and tempo-
ral gradients, and hence reducing avalanche energy costs in
non-salient regions. We demonstrate potential measurement
reductions of 3−4× across a variety of scenes, which include
slow to rapid motion, low light to bright outdoor conditions,
and high-dynamic range settings. Measurement allocations
are particularly low (up to 10× fewer) for scenes with small
amounts of motion and sufficient light.

Higher-level guidance. So far, we have considered salience
measures and allocation policies based on the very low-
level gradient and change-point operators. However, it is
also possible to design salience measures based on feature
detectors and trackers like ORB [65], SIFT [2], or KLT [66]. In
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learned systems, we can tailor salience guidance to down-
stream neural networks trained for reconstruction or even
other downstream perception tasks, which is an exciting
future direction. An important consideration here would
be computational costs and latency. While salience estima-
tion runs at the temporal-block granularity and has greater
breathing room than operations running at the SPAD frame
rate, it may not be feasible or energy-efficient to run compu-
tationally involved neural networks at this granularity.

In human-operated settings, user input may be used
to further modulate the sample allocation (gradient-based
or otherwise) to focus on specific regions, or alter method
parameters such as Smax. and z0 (Eq. (9) and Sec. 5.2,
respectively), similar to manually adjusting exposure, focus,
etc., in current cameras.

Sampling rates driven directly by motion metering. The
temporal model behind the motion-metered response and
change-point detection currently only contributes explicitly
towards the sampling rate via a binary mask (Sec. 5.3), with
the rest dictated by the spatial gradient. It is likely possible
to involve the temporal model to a larger degree, encourag-
ing sparser sampling in regions with strong gradients which
are changing slowly nevertheless—that is, adaptively sam-
pling based on temporal statistics. Adaptive sampling (and
bandit) algorithms have been considered in other settings
involving sequential accumulation of information, such as
Monte Carlo rendering [67], [68] and gating in single-
photon LiDAR acquisition [69]. A related open question is
of choosing an operating point between efficient sampling
techniques and sub-optimal but less complex ones, relying
instead on strong priors and denoising algorithms down-
stream to recover quality.

Explicitly minimizing photon detections. Sub-sampling
explicitly minimizes measurements, but photon detections
only indirectly. However, depending on the hardware im-
plementation, the resource costs of a photon detection—
which is directly associated with avalanche energy costs—
may be more prominent than whether a measurement is
made. In this case, reducing detections explicitly would be
desirable, where, in addition to a salience measure agnostic
to scene brightness, we incorporate a prediction of the
avalanche energy that would be consumed to capture a
given salient region. Some resource-efficiency metrics and
“inhibition policies” have been proposed recently towards
this purpose, for the static imaging case [30].

Spatial gradient as an additional data stream. In addition
to the modulated photon stream and the event-encoded
motion-metered response, the computed spatial gradients
may be read out for downstream perception (feature ex-
traction [55], [66]; optical flow estimation [70]). An event-
based encoding may also be computed from the gradient as
opposed to the intensity [71], followed by Poisson solvers to
reconstruct the signal [72].

How few photons can we get by with? Energy savings
depend on a variety of scene factors, including the illu-
mination and motion levels; slow-moving HDR settings

offer greater scope for measurement reductions than low-
light scenes involving rapid motion. The end objective of
measurement inhibition—whether intensity reconstruction
or a computer-vision task—can also influence the balance
between energy savings and performance. This energy-
distortion tradeoff is a rich space to analyze for future work,
including determining the theoretical limits as to how many
photons are sufficient along various axes (motion, light, and
end objective).
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