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Abstract. Single-photon cameras present a promising avenue for high-
resolution 3D imaging. They have ultra-high sensitivity—down to in-
dividual photons—and can record photon arrival times with extremely
high (sub-nanosecond) resolution. Single-photon 3D cameras estimate
the round-trip time of a laser pulse by forming equi-width (EW) his-
tograms of detected photon timestamps. Acquiring and transferring such
EW histograms requires high bandwidth and in-pixel memory, making
SPCs less attractive in resource-constrained settings such as mobile de-
vices and AR/VR headsets. In this work we propose a 3D sensing tech-
nique based on equi-depth (ED) histograms. ED histograms compress
timestamp data more efficiently than EW histograms, reducing the band-
width requirement. Moreover, to reduce the in-pixel memory require-
ment, we propose a lightweight algorithm to estimate ED histograms in
an online fashion without explicitly storing the photon timestamps. This
algorithm is amenable to future in-pixel implementations. We propose
algorithms that process ED histograms to perform 3D computer-vision
tasks of estimating scene distance maps and performing visual odome-
try under challenging conditions such as high ambient light. Our work
paves the way towards lower bandwidth and reduced in-pixel memory
requirements for SPCs, making them attractive for resource-constrained
3D vision applications.

1 Introduction

The demand for high-resolution, low-cost 3D sensing is growing for a wide range
of applications, from autonomous robots to augmented reality, machine vision,
surveillance, and industrial inspection. Thanks to their extreme sensitivity, high
spatial resolution (exceeding 100’s of kilo-pixels [1, 16]) and increasing commer-
cial availability, single-photon cameras (SPCs) based on single-photon avalanche
diode (SPAD) technology are increasingly popular for dense 3D-sensing LiDARs
and on mobile devices [24, 28]. SPAD-based SPCs combine the extreme sensi-
tivity of SPADs and the time-of-flight principle to capture scene distance maps
with sub-centimeter resolution.

Each SPC pixel measures the round-trip time taken for a laser pulse to travel
from the camera to the scene and back. A conventional SPC pixel must repeat-
edly sample hundreds-to-thousands of photon timestamps to reconstruct the
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Fig. 1: Our proposed DeePEDH pipeline enables SPCs to be used in

resource-constrained applications. (a–c) Conventional 3D sensing pipeline con-
structs equi-width (EW) histograms that require high in-pixel memory and cause a
data bottleneck. (d) Existing methods resort to low resolution EW histograms at the
cost of poor distance resolution. (e–g) DeePEDH uses more efficient on-sensor compres-
sion scheme through equi-depth (ED) histograms combined with a deep neural network
distance map estimator. (h) DeePEDH provides accurate high resolution distance maps
with 10 − 100× lower bandwidth. (i–k) Various downstream vision tasks can benefit
from high quality distance maps generated using DeePEDH.

shape of the true laser peak (which we call the transient distribution) to esti-
mate the round-trip time-of-flight. The raw data captured by an SPC can be
thought of as a stream of photon timestamps at each pixel location, generat-
ing a spatio-temporal “photon data cube” [18] shown in Fig. 1(a). Each SPAD
pixel can detect millions of photon timestamps per second. Due to hardware
constraints, it is impossible to practically process this raw photon data in the
sensor or transfer it to any off-sensor compute module.

Conventional SPC pixels summarize the timestamp data by creating equi-
width (EW) histograms that keep track of the number of photons received over
equally spaced time bins, spanning the entire distance range. The peak of this
EW histogram serves as an estimate of the time-of-flight and hence the scene dis-
tance. In practice, these EW histograms require ∼ 1000 bins per pixel. For recent
SPAD-based SPCs that have approached megapixel resolutions, the amount of
EW histogram data adds up to several gigabytes per second when operating at
video rates. For SPCs to become mainstream, especially for resource-constrained
applications, such as low-power mobile robots and smartphone cameras, it is de-
sirable to reduce the volume of the photon data cube without compromising the
spatial or temporal resolution of the final distance maps.



Single-Photon 3D Imaging with Equi-Depth Photon Histograms 3

In this work, we propose a hardware-compatible method that can compress
the timestamp data to 32 or even fewer bins per pixel as opposed to the 1000’s
of bins needed in conventional EW histogram-based processing techniques. Our
method can still retain useful information for reconstructing high-fidelity dis-
tance estimates. Our work is inspired by recent work on constructing equi-depth
(ED) histograms instead of the conventional EW histograms [15]. We estimate
the bin-boundary locations of these ED histograms in a count-free fashion,
without explicitly storing the photon timestamps. Through publicly available
datasets, we demonstrate that these ED bin-boundary representations can sup-
port high-quality distance maps for a variety of 3D scenes and under challenging
illumination conditions. Our method achieves significant in-pixel memory reduc-
tion and lower bandwidth requirements relative to conventional EW histogram-
based SPCs. Our contributions in this paper are threefold: (i) We propose a
hardware-friendly, in-pixel algorithm that estimates ED histogram bin bound-
aries for arbitrary q-quantiles without having to store the entire history of photon
timestamps. (ii) We design a learning-based distance-estimation technique that
leverages spatio-temporal correlations in the ED boundary locations to gener-
ate high-quality distance maps. (iii) We present three case studies—RGBD vi-
sual odometry, 3D scene reconstruction, and RGBD semantic segmentation—to
demonstrate the value of using ED bin boundaries as a resource-efficient scene
representation for various downstream computer vision tasks.

2 Related Work

3D imaging with SPCs: Most of the current methods using SPCs for 3D imag-
ing explicitly construct an EW histogram based on photon-arrival timestamps
[13], and use the constructed EW histogram for estimating scene distance [7,8,29,
34]. Such EWH-based SPCs face a trade-off between the accuracy of distance es-
timates per pixel and the number of SPC pixels, due to practical bandwidth lim-
its. To improve spatial resolution without compromising on accuracy, researchers
have proposed more efficient measurement and compression techniques inspired
by concepts such as Fourier-domain compression [12], compressed-sensing with
random projections [4], estimating low-dimensional parametric models [40], or
sketching [33] to track different statistics of the SPC data. In contrast, our ap-
proach captures ED histogram bin boundaries using a lightweight online al-
gorithm that does not store the full history of photon timestamps, making it
amenable to future in-pixel implementations.

Efficient SPC hardware designs: Improvements in SPC hardware designs
have also been proposed considering the practical limitations. While some pro-
pose to measure the EW histogram in a coarse-to-fine scheme by iteratively
zooming into the region-of-interest [17, 21, 27, 41], others have proposed de-
signs that can share the resources on the sensor [14]. Although not discussed
in this work, our ED histogram-based method can further benefit from recent
hardware-friendly designs that use adaptive zooming to reject background light.
While most of the above-mentioned SPC designs require time-to-digital convert-
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ers (TDCs) to measure the photon-arrival timestamps, new TDC-less designs
have been proposed that process a stream of photons using in-pixel neural net-
works [19, 23]. Tontini et al. [39] proposed a novel 3D-imaging method using
SPCs that does not require constructing a histogram of timestamps. However,
it fails in the presence of strong multipath due to the single-peak assumption.

Memory-efficient photon data processing: The idea of compressing pho-
ton timestamps on the fly using different coding techniques has been shown in
simulations to provide > 10× reduction in bandwidth [12,38]. However, to com-
press the photon timestamps on the fly, additional information such as a coding
matrix [12] needs to be stored on the imaging sensor such that it can be simul-
taneously accessed by all the pixels, which is challenging to implement using
existing pixel designs. In contrast, our technique constructs ED histograms of
photon timestamps in an online fashion without explicitly storing them. We use
a similar binner element (circuit) as Ingle and Maier [15] to iteratively update
the ED histogram, but our optimized update strategy for the binner results in
faster convergence, lower uncertainties, and improved distance estimates. Ad-
ditionally, we also train a deep neural network (DNN) to improve the distance
estimates further for challenging scenarios such as high ambient light which ben-
efits downstream computer vision tasks.

3 Image Formation Model and Equi-Depth Histogram

We summarize the image-formation model for individual pixels of a SPAD-based
3D camera that we use for generating simulated SPAD measurements from ex-
isting RGBD datasets. We assume that each SPAD pixel is optically co-aligned
and operated in synchronization with a pulsed laser source that emits a periodic
train of Gaussian-shaped light pulses. In addition to these signal photons re-
flected from each scene point, the SPAD pixel also records background photons
which consist of spurious events due to ambient light (e.g., sunlight) and other
sources of electronic noise (e.g., dark counts).

In a low-photon-flux scenario and absence of multipath reflections, the aver-
age number of photons measured by each pixel is given by a continuous inhomo-
geneous Poisson process time-varying intensity Φ(t) and a period equal to the
laser repetition period. (See supplement.) We discretize the time axis into B lo-
cations. In the kth time interval (1 ≤ k ≤ B), Φ[k] = Φsig[k]+Φbkg, where Φsig[k]
represents the average number of signal photons for time bin k and Φbkg repre-
sents the average number of background photons per time bin [12,20,25,37,44].
We call Φ[k] the transient distribution. Assuming the peak of the transient dis-
tribution is located at a time delay t with respect to the start of the laser cycle,
the scene distance is given by z = ct/2 where c is the speed of light. In an ideal
scenario of no background light and a narrow laser peak that occupies a single
discrete time interval, the time of arrival of a single laser photon would be suffi-
cient to estimate scene distance. In practice, due the Gaussian peak shape and
the presence of sensor noise and ambient light, an SPC pixel must sample the
true transient over many laser cycles to estimate distance.
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Fig. 2: Equi-width vs. equi-depth histograms for peaky data. (a) Most bins
of an 8-bin EW histogram are wasted on background photons; a single bin B2 gives a
coarse estimate of the true peak. (b) An ED histogram captures this “peaky” transient
distribution better with a cluster of narrower bins around the true peak.

Conventional equi-width (EW) histograms: Most SPAD-based SPC pixels
today construct EW histograms of photon counts; the location of the peak of
this histogram is used to estimate the scene distance. The number of photons
detected in each EW-histogram time bin is stochastic and is governed by a
Poisson process. The number of photons in the kth histogram bin over N laser
cycles is given by Φ̂[k] ∼ Poisson(NΦ[n]). The volume of this histogram data for
a 1 megapixel SPC operating at 30 fps exceeds several gigabytes per second—
much higher than can be reasonably handled by today’s data-transfer buses.
Today’s SPCs resort to using fewer pixels and fewer numbers of EW histogram
bins to reduce this bandwidth requirement, which lead to poor distance-map
estimates that have low spatial resolution and suffer from quantization artifacts.

Bandwidth-efficient equi-depth (ED) histograms: Instead of storing pho-
ton counts as an EW histogram with equal sized bins, an ED histogram uses
variable-width bins such that each bin contains (approximately) equal photon
counts. The term “depth” in equi-depth refers to the photon counts in each
histogram bin and should not be confused with scene distance. Fig. 2 shows an
example (synthetic) transient distribution consisting of a narrow Gaussian peak.
An 8-bin EW histogram is resource inefficient as seven out of these eight bins are
spent on capturing photons from background light. Moreover, the laser photons
all arrive in a single bin B2, resulting in an extremely coarse estimate of the
scene distance. In contrast, three of the eight bins in the 8-bin ED histogram
cluster around the true peak location.

Recently ED histograms were proposed as a more resource-efficient alterna-
tive to EW histograms for capturing “peaky” transient distributions such as that
of a laser pulse [15]. ED-histogram bin boundaries can be estimated using an
equi-depth histogrammer (EDH) built using a recursive tree of median-finding
binner circuits. A 4-stage tree-based EDH, for example, tracks 15 ED bound-
aries that constitute 16 quantiles. A binner circuit maintains an estimate of
the median in the form of a control value (CV) and iteratively updates it at
every laser cycle. The general update step for the binner in nth laser cycle is
given by Cn+1 = Cn + Sn where Cn and Sn denote the CV and the step size
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Fig. 3: A binner element used for tracking ED histogram boundaries. (a) A
median-finding binner splits incident photons into early (En) and late photons (Ln)
compared to the current CV (Cn). As the CV is greater than the true median, En/(En+
Ln) > 1/2, hence the step size Sn is negative. (b) Our optimized stepping strategy uses
a sequence of step sizes to achieve faster convergence and lower variance compared to
earlier fixed-stepping binner design [15].

for the nth laser cycle. The step size depends on the relative numbers of early
(En) and late (Ln) photons, i.e., photons that arrive earlier or later than the
current CV. The step size is negative when more photons are seen earlier than
later, as seen in the example in Fig. 3(a). Ingle and Maier [15] proposed different
stepping strategies and the possibility of binner tracking arbitrary q-quantiles.
However, several questions remained unexamined in their work and their exper-
imental results were limited to a combination of median-tracking binners that
used fixed-stepping. We build upon the ideas presented in [15] and propose an
optimized binner design called the proportional binner that tracks arbitrary q-
quantiles of the transient distribution with optimized stepping strategies that
speed up convergence and reduce variance.

Proportional binner: The stepping strategy of the proportional binner relies
on the following key observation: For the CV to track the jth quantile (out of
q), the CV must be updated such that a fraction j/q of photons arrive earlier
than the CV and the remaining 1− j/q arrive later than the CV. If the binner
had access to the entire history of photon arrival times (say, in the form of a
fine-grain EW histogram), the jth quantile can be estimated simply by locating
the value where the cumulative distribution function crosses j/q. We call a bank
of such (hypothetical) binners the oracle ED histogrammer (OEDH) and note
that in practice, the binner circuit operates in a resource-constrained hardware
setting which precludes the possibility of storing the full histogram.

Our proposed stepping strategy for the proportional binner involves itera-
tively updating its CV at every laser cycle such that the fraction of photons
arriving before the CV approaches j/q. At the nth laser cycle the control value
is updated by a step size proportional to ∆n = j/q − En/(En+Ln) where En and
Ln denote the number of photons arriving earlier and later than the current CV.
Although this method does not guarantee deterministic convergence to the jth

quantile, the stepping strategy is self-correcting — the larger the magnitude of
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∆n, the larger is the step in the direction that minimizes the discrepency from
the jth quantile. This straightforward stepping strategy of updating CV by ∆n

suffers from two drawbacks in practice due the presence of strong Poisson noise:
(i) The CV progresses towards the true quantile location, but continues to wan-
der around that true quantile location. (ii) Large jumps in the “wrong” direction
due to background photons cause a large variance in the estimated quantile lo-
cation. We propose an optimized proportional-stepping strategy that mitigates
these drawbacks. First, we apply a temporal-decay parameter that gradually re-
duces the maximum step size and allows the final CV to settle at or close to the
true quantile value. Second, we apply exponential smoothing to reduce the vari-
ance in the step sizes used for adjusting CV. The optimized step size is computed
using the following equations:

Sn = β2Sn−1 + (1− β2)γ
n∆̃n

where ∆̃n = β1∆̃n−1 + (1− β1)∆n.
(1)

Here 0 < γ < 1 is the temporal decay parameter, ∆̃n is an exponentially
smoothed version of the step size ∆n, and β1 and β2 are additional tuning pa-
rameters that control the level of exponential smoothing applied. We determine
values for these tuning parameters empirically by running extensive simulations
of the proportional binner over a wide range of transient distributions. We find
that β1 = 0.95, β2 = 0.8, and γ = 0.99902 work well for a wide range of transient
distributions over various combinations of signal and background strengths. (See
supplement for details.) We simulate median-tracking binners with fixed and op-
timized stepping strategies for a wide range of scene distances and illumination
conditions. Fig. 3(b) shows CV trajectories for a single run. Experimental results
demonstrate that our optimized stepping binner provides faster convergence over
a wide range of illumination conditions than the fixed-stepping binner used by
Ingle and Maier [15]. (See supplement.)

A single quantile is often not sufficient to reliably track the peak of a transient
distribution. We need a bank of binners to track several different quantiles of
the underlying distribution. Ingle and Maier [15] use a hierarchical equi-depth
histogrammer (HEDH), which consists of a recursive tree of median-tracking
binners with fixed-stepping to track different quantiles. However, in HEDH the
binners must run sequentially for each level in the tree; convergence of lower-level
binners depends on higher-level binners.

We propose to use a combination of our optimized proportional-stepping bin-
ners and configure each one to track a specific quantile of the underlying distribu-
tion. We call this design the proportional equi-depth histogrammer (PEDH). The
ability of our optimized proportional-stepping binner to track arbitrary quan-
tiles enables the PEDH to run all the binners in parallel and use the complete
exposure time. Our optimized parameter combination allows the PEDH to track
different quantiles with faster convergence and lower variance as compared to
HEDH. The binner-trajectory plots of 8-bin HEDH and 8-bin PEDH (Fig. 3(b))
illustrate improved accuracy and increased robustness to changing illumination
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conditions when using PEDH over HEDH. (See supplement for detailed compar-
ison results.)

4 Distance Estimation from Equi-Depth Histograms

This section considers the low-level computer-vision task of reconstructing scene-
distance maps in a resource-constrained setting. We first begin with some intu-
ition for how ED-histogram bin boundaries (obtained from a PEDH) can be used
to estimate scene distances on a per-pixel basis. Next, we propose a data-driven
approach, called DeePEDH, which exploits correlations in ED histogram bins
over pixel neighborhoods to further improve the distance-map estimates.

4.1 Single-Pixel Distance Estimators

The ED histograms bin boundaries inherently capture the density of the un-
derlying transient distribution Φ[n]. Clusters of narrowly spaced ED histogram
bin boundaries correspond to a higher concentration of photon arrivals (such
as around the true laser peak location), whereas sparser, widely spaced ED-
histogram bin boundaries correspond to a lower concentration of photon arrivals,
such as those due to ambient illumination. Since the ED histogram bin widths
are inversely proportional to the local values of the underlying transient dis-
tribution, we use the reciprocal of these bin widths as an estimate (up to an
unknown scaling factor) of the true underlying transient distribution. We call
these the local photon density estimates. We propose two different distance es-
timators based on piecewise-constant and piecewise-linear interpolation-based
local-photon-density estimates.

For an ED histogram that tracks arbitrary q-quantiles, with bin boundary
locations given by {ti}

q
i=0, we define the piecewise constant local photon density

estimator as ρ0(t) = 1/(tj−tj−1) for tj−1 ≤ t < tj , 1 ≤ j ≤ q and 0 ≤ t ≤ B. The
extreme ED bin boundaries are, by definition, located at t0 = 0 and tq = B.
Assuming that the transient distribution contains a single sharp peak, we use
the midpoint of the narrowest piece of this piecewise constant function as an
estimate of the round-trip time-of-flight t0. Ties are broken arbitrarily. Let j∗ =
argmax1≤j≤q

1
tj−tj−1

. We define the estimate t̂0 = (tj∗−tj∗−1)/2.

The narrowest-bin-midpoint estimator is computationally lightweight and
has the advantage of being amenable to in-pixel implementation. However, it
suffers from a bias away from the true peak location if, for instance, the nar-
rowest and the second narrowest ED bins split the peak, or several narrow bins
of equal width cluster around the peak (as seen in the example in Fig. 4(a)).
Therefore we propose a linearly interpolated local photon density estimator ρ1(t)
which is obtained by taking the sequence of non-uniformly spaced pairs of points
{((tj−tj−1)/2, 1/(tj−tj−1)}

q

j=1 interpolated on a grid of 1024 uniformly spaced dis-
crete time locations between 0 and B. (See supplement.) We define an alternative
time-of-flight estimate as t̂1 = 1

2 argmaxt∈[0,B] ρ1(t). Fig. 4(a) shows an example
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Fig. 4: Examples of interpolated local density estimates obtained using an

oracle EDH and a PEDH. (a) The narrowest bin and linear interpolation-based
estimators perform equally well for this example transient when using the oracle EDH.
(b) Linear interpolation-based estimate is often worse than the narrowest-bin estimator
due to noise in PEDH bin boundary locations.

of the interpolated photon density estimate ρ1(t) where the peak lines up with
the true peak location, resulting in better distance estimates.

Simulations: To evaluate the performance of the narrowest-bin-midpoint t̂0 es-
timator and linear interpolation-based t̂1 estimator, we simulate photon times-
tamps over L = 5000 laser cycles for different scenes with varying signal and
background levels. We use simulated timestamps to estimate ED-histogram bin
boundaries using a simulated single-pixel PEDH. Additionally, we also simulate
a single-pixel oracle ED histogrammer (OEDH), which serves as a lower bound
for the distance-estimation error achievable with the PEDH. We find that the
performance of the t̂0 estimator is almost identical when using OEDH and PEDH
over a wide range of signal and background conditions, which serves as a valida-
tion for the optimized PEDH stepping strategies developed in Sec. 3. We observe
that the t̂1 estimator always performs better than the t̂0 estimator with OEDH.
Whereas with the PEDH, t̂1 is slightly worse than t̂0. The plots for ρ0 and ρ1 in
Fig. 4(b) provide some intuition. The converged boundaries for the PEDH are
quite close to the OEDH but are not equal due to the inherent randomness of the
incident photons and the count-free design of PEDH. This error in the PEDH
boundaries, although small, results in strong noise near the peak of ρ0, which
adversely affects the interpolation results, and the peak of ρ1 shifts away from
the true peak resulting in sub-optimal distance estimates, increasing the mean
absolute error by ≈0.1 cm. See supplement for quantitative accuracy metrics.

4.2 DeePEDH Distance Estimator

The per-pixel distance estimators described in the previous section do not exploit
correlations across pixel neighborhoods. Most real scenes have well defined 3D
structures, where pixels that are close are likely to have similar distance values.
Moreover, deriving a rule-based method to denoise the PEDH estimates can be
difficult, as there is a complex correlation between the scene properties and the
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Table 1: Distance estimation results comparing the average performance of EWH-
based (conventional) SPCs, CSPH [12], HEDH [15] (narrowest bin), narrowest-bin
PEDH distance estimator, and DeePEDH for 10 NYUv2 test set images and 8 dif-
ferent (signal, background) photon-level pairs.

EWH
(1024-bin)

EWH
(32-bin)

CSPH [12]
(32-bin)

HEDH [15]
(32-bin)

PEDH
(32-bin)

DeePEDH [Ours]
(32-bin)

RMSE (cm) ↓ 6.89 29.80 15.01 219.91 18.05 10.92
MAE (cm) ↓ 1.06 24.58 2.03 105.9 2.40 1.84
2% Inliers ↑ 99.89 10.69 99.45 81.06 97.87 98.51

10% Inliers ↑ 99.90 55.86 99.62 86.27 99.71 99.81

sensor properties that determines the variance in the PEDH values. Hence, we
develop a data-driven approach and train a DNN that exploits the spatial (within
neighboring pixels) and temporal (within PEDH boundaries of individual pixels)
correlations to generate high quality distance maps.

Instead of an end-to-end model (ED histogram boundaries to distance map
prediction), we prefer to take a modular approach. We first compute the per-
pixel photon density estimates ρ1 from the measured PEDH boundaries. Next,
we train a DNN to denoise ρ1 and predict the scene distance maps. We call this
deep learning-based PEDH-to-distance-map method the DeePEDH distance es-
timator. Our approach is inspired by the “PENonLocal Deep Boosting” DNN pro-
posed by Peng et al. [25] with one key difference — instead of training the model
on noisy 1024-bin EW histograms, our model is trained on 1024-dimensional lin-
early interpolated photon density estimates ρ1 obtained from PEDH output. The
loss function used for training the network is a combination of Kullback-Leibler
(KL) divergence between the histograms and total variation (TV) distance be-
tween the distance maps, identical to the loss function used by Peng et al. [26].

5 Experiments

PEDH dataset generation. We use the image-formation model presented in
Sec. 3 to generate a simulated photon timestamp dataset from existing NYUv2
and Middlebury RGBD datasets [32, 35]. We assume a Gaussian laser pulse of
100 ns repetition period (corresponding to a maximum distance range of 15m)
and full width at half maximum (FWHM) of 0.32 ns. We simulate the PEDH
output with q = 32 ED bins on a per-pixel basis. We run each proportional binner
for L = 5000 laser cycles with the following optimized stepping parameters:
γ = 0.99902, m1 = 0.95, and m2 = 0.8. (See supplement for details on parameter
selection.) We also generate 1024-bin EW histograms for baseline comparisons.

Training and validation. To simulate training and validation datasets, we
generate PEDH output for a wide range of scenes and illumination conditions
from the NYUv2 dataset [35]. The training and validation datasets are generated
using the RGBD images from the NYUv2 dataset. The training dataset consists
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Fig. 5: Comparison of distance map reconstructions on NYUv2 test images.

The CSPH [12] algorithm, HEDH [15] (narrowest bin), and the PEDH (narrowest
bin) methods suffer from noisy distance maps in darker regions and farther distances.
The 32-bin EWH suffers from quantization artifacts. The proposed DeePEDH method
provides high spatial-and-distance resolution even in regions where other methods fail.

of 2000 RGBD images from the NYUv2 training set of the dataset and the vali-
dation dataset consists of 200 RGBD images from the NYUv2 test set. To make
our DeePEDH model robust to a wide range of signal and background levels, we
simulate the PEDH output by randomly choosing a pair of average signal and
background photon-levels per cycle from the following pairs: (Φsig, Φbkg) ∈ {(1.0,
1.0), (1.0, 2.0), (1.0, 5.0), (0.5, 0.5), (0.5, 1.0), (0.5, 2.5)}. Since we do not make
any architectural changes to the “PENonLocal Deep Boosting” model [25], the
chosen validation dataset is only used to determine training convergence.

Performance evaluation. We evaluate the performance of the narrowest-bin
distance estimator t̂0 presented in Sec. 4.1 and the DeePEDH distance estimator
and compare the results with four baseline methods — peak of the full resolution
(conventional) 1024-bin EWH, peak of a coarsely binned (conventional) 32-bin
EW histogram, distance estimated from the compressive single-photon histogram
(CSPH) method [12], and 32-bin HEDH [15] (narrowest bin). We evaluate the
performance on two different test sets. The first test set consists of 10 images
from the Middlebury dataset [32] and the second test set consists of 10 images
from the test set of the NYUv2 dataset [35]. For each test image, we test the dis-
tance estimators for the following eight (signal, background) photon-level pairs:
(Φsig, Φbkg) ∈ {(1.0, 1.0), (1.0, 2.0), (1.0, 5.0), (1.0, 10.0), (0.5, 0.5), (0.5, 1.0),
(0.5, 2.5), (0.5, 5.0) }. The performance is compared based on four different
evaluation metrics: RMSE, MAE, 2% inlier metric, and 10% inlier metric. Fig. 5
shows qualitative and quantitative results for three images from NYUv2 test
set [35]. Observe the distance images from HEDH [15] are grainy and contain
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Fig. 6: PEDH improves distance estimates over HEDH. Experimental results
with real-world data show improved distance estimates (RMSE cm, 2% inliers, 20%
inliers) with our proposed PEDH compared to the HEDH of Ingle & Maier [15].

large errors for darker objects at farther distances. The distance images from
the narrowest-bin PEDH estimator are less grainy, demonstrating the robust-
ness of PEDH over HEDH to challenging illumination conditions. DeePEDH
reconstructs high quality distance maps even for darker regions in the scenes at
farther distances and does not suffer from quantization artifacts. Table 1 shows
quantitative results for 10 images of NYUv2 test set averaged over the 8 differ-
ent (signal, background) pairs. These results highlight that the DeePEDH can
exploit spatio-temporal correlations present in PEDH boundary estimates, to
generalize well on such challenging scenarios and produce high quality distance
maps. Additional results for both NYUv2 and Middlebury datasets are shown
in the supplement.

Hardware emulation results. We conducted hardware emulation experiments
on a publicly available hardware dataset by Gupta et al. [7] containing real-world
noise sources (dark counts, afterpulsing, dead-time). This data was captured with
a single-pixel SPAD LiDAR setup. We emulated (8-bin) HEDH and PEDH for
5000 laser cycles for 5 illumination conditions. Fig. 6 shows results for one of the
scenes. (See supplement for additional comparisons.)

6 Equi-Depth Histograms for Computer Vision Tasks

Do PEDH-based SPCs work well for downstream computer vision tasks in resource-
constrained applications? We show results for three computer vision tasks: RGBD
visual odometry (VO), 3D reconstruction using truncated signed distance func-
tion (TSDF) fusion, and RGBD semantic segmentation. These tasks are common
components of resource-constrained applications such as autonomous robots,
augmented reality applications for mobile devices, and virtual reality headsets.
For all three applications, we simulate distance estimates using 32-bin EWH
(conventional SPC) and 32-bin PEDH, so that both use the same amount of
in-pixel memory. The PEDH output is processed using DeePEDH for distance
estimation which is then fed to existing processing pipelines.

Application 1: RGBD-visual odometry. Visual odometry [31,36] is the task
of estimating camera pose and motion from image sequences captured by the
camera. In the case of RGBD cameras, the sequences consist of RGB images
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Fig. 7: DeePEDH SPCs enable better camera tracking, 3D reconstruction,

and improve performance of deep RGBD semantic segmentation models.

(a) The camera motion trajectory reconstructed from DeePEDH distance maps (green)
closely tracks the ground truth (green) and provides > 10× lower RMSE than 32-bin
EWH (blue). (b) 3D surface reconstruction obtained using a 32-bin EWH suffers from
severe quantization artifacts. The proposed 32-bin DeePEDH method generates high
quality 3D reconstructions both qualitatively and in terms of quantitative metrics. (c)
semantic segmentation results for a pre-trained CEN network [42] using distance esti-
mates from 32-bin EWH and 32-bin DeePEDH. As the distance maps from DeePEDH
are significantly closer to the ground truth, the segmentation results are better than
using distance images from 32-bin EWH.

and corresponding distance maps. The key component of a VO pipeline is the
feature-matching step where the movement of interesting visual features is esti-
mated between consecutive frames and used to compute the camera trajectory.
The quality of distance estimates in each frame directly affects the feature-
matching step. For resource-constrained applications there are strict bandwidth
and memory limitations that affect the quality of distance measurements and
thus the performance of the VO pipeline. We simulate distance maps from 32-bin
EWH and 32-bin DeePEDH and pass the RGBD sequences from the Redwood
dataset [3] to the existing RGBD VO pipeline using the Open3D library [46].
Fig. 7(a) shows camera trajectories obtained from the VO pipeline using distance
maps from both methods. The 32-bin EWH suffers from large tracking errors
due to inaccurate distance estimates that accumulate over the motion trajectory.
In contrast, our method closely tracks the ground truth.

Application 2: Dense 3D reconstruction. Dense 3D reconstruction is an
important computer vision task for applications such as virtual reality, digi-
tal twinning of 3D assets, photo-realistic telepresence, and autonomous mobile
robots. 3D reconstruction pipelines have two major components: (i) estimating
the camera pose per frame and, (ii) fusing the RGBD information to reconstruct
a 3D scene that is consistent with a maximum number of RGBD frames and the
corresponding camera poses. A common method to fuse the RGBD information
is the TSDF fusion method [5]. We use a similar experimental setup as the VO
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application and use the distance maps from EWH and DeePEDH as input to
the TSDF pipeline of Open3D [46]. We pass the ground truth camera poses to
the TSDF pipeline instead of the VO estimates. For quantitative evaluation, the
chamfer distance is computed between the point cloud reconstructed from each
method and the point cloud reconstructed using the ground truth distance maps
for TSDF fusion. Fig. 7(b) shows qualitative and quantitative results for TSDF
fusion. Observe that the EWH results suffer from strong quantization artifacts
whereas the DeePEDH-based 3D reconstruction preserves finer details.

Application 3: RGBD deep semantic segmentation. In semantic segmen-
tation, each pixel of the image is assigned a class label. Multiple deep-learning
methods have been proposed in the past that perform semantic segmentation,
some only use RGB image [2,22,30,43,45] whereas some use the scene distance
map in addition to the RGB image [6,9,10,42]. We use the Channel-Exchanging
Network (CEN) proposed by Wang et.al. [42] to compare the effect of using dis-
tance maps from the 32-bin EWH SPC and the 32-bin PEDH SPC, on the task of
deep RGBD semantic segmentation. We use the NYUv2 dataset as our test set.
We generate CEN output using the ground-truth distance map, and distance
maps obtained from the 32-bin EWH SPC, and DeePEDH. The CEN output
using a ground-truth distance map is used as the ground-truth for the segmen-
tation result to compare the output for the other two cases. Fig. 7(c) shows
the output for all three cases for different scenes. We observe that segmentation
results are more accurate for DeePEDH as compared to the conventional 32-bin
EWH SPC.

7 Discussion

In this work, we proposed a resource-efficient method for producing a compact
representation for single-photon camera outputs and studied the effect of using
these representations for 3D perception in power-and data-constrained applica-
tions. We proposed different distance estimators to predict scene distances from
the PEDH output and validate them in both simulation and hardware emula-
tion. Although we did not design a hardware binner circuit, the key operations
involved in computing the step size at each laser cycle involve only ∼3 multiply-
add operations that can be performed cheaply in hardware. The initial step-size
computation requires a division operation, which could be performed through a
look-up table shared across groups of pixels. Our experimental results highlight
that using our proposed PEDH-based SPCs can achieve superior performance
over conventional EWH-based SPCs for popular computer vision tasks like dis-
tance estimation, visual odometry, dense 3D reconstruction, and RGBD semantic
segmentation. Our DeePEDH results highlight the power of using deep learning
to exploit spatio-temporal correlations captured in PEDH output to improve 3D
perception in resource-constrained settings.
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