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Single-Photon Multispectral Lidar Data
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Abstract—3D single-photon LiDAR imaging plays an impor-
tant role in numerous applications. However, long acquisition
times and significant data volumes present a challenge for LiDAR
imaging. This paper proposes a task-optimized adaptive sampling
framework that enables fast acquisition and processing of high-
dimensional single-photon LiDAR data. Given a task of interest, the
iterative sampling strategy targets the most informative regions of a
scene which are defined as those minimizing parameter uncertain-
ties. The task is performed by considering a Bayesian model that is
carefully built to allow fast per-pixel computations while delivering
parameter estimates with quantified uncertainties. The framework
is demonstrated on multispectral 3D single-photon LiDAR imaging
when considering object classification and/or target detection as
tasks. It is also analysed for both sequential and parallel scanning
modes for different detector array sizes. Results on simulated and
real data show the benefit of the proposed optimized sampling
strategy when compared to state-of-the-art sampling strategies.

Index Terms—Adaptive sampling, 3D multispectral imaging,
single-photon LiDAR, Bayesian estimation, Poisson statistics,
robust estimation, classification, target detection.

I. INTRODUCTION

L IGHT detection and ranging (LiDAR) used with time-
correlated single-photon detection is receiving significant

interest as an emerging approach in numerous applications such
as Defence, automotive [1], [2], environmental sciences [3],
long-range depth imaging [4]–[9], underwater [10], [11] or
through fog [12] depth imaging, and multispectral imaging [13]–
[15]. Such a single-photon LiDAR system operates by illumi-
nating the scene using a pulsed laser source, and recording
the arrival times of the reflected photons with respect to the
time of laser pulse emission. By performing this measurement
repeatedly over many laser pulses, it is possible to form a timing
histogram from which a high resolution measurement of the pho-
ton time-of-flight can be made. By measuring the time-of-flight
at each pixel location, it is then possible to make a depth estimate
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at each part of the scene. This can be done by scanning pixels
sequentially, or more efficiently by considering state-of-the-art
Single-Photon Avalanche Diode (SPAD) detector arrays which
allow the parallel photon acquisition of all pixels [16]. The
resulting histograms of counts contain useful information re-
garding the presence/absence of an object, and allow a 3D model
of the observed target to be built using its estimated depth and
reflectivity profiles. This process can be repeated using different
laser wavelengths to obtain additional multispectral information
on the observed scene. Current limitations that preclude exten-
sive use of LiDAR in real world applications include the high
acquisition time necessary to collect enough target photons, in
addition to the high background level when imaging in ambient
light conditions, which affects the quality of the reconstructed
3D scene. Multispectral LiDAR can lead to large data volumes
which highlights the need to reduce measurement points and
only target informative regions. Indeed, reducing the target’s
laser power is also important due to eye safety constraints for
autonomous navigation, and to obtain energy efficient systems.
Minimising illumination levels is also important when consid-
ering medical applications such as single-photon microscopy
in which the observed cells are light sensitive and subject to
photostructural damage.

Many strategies have been proposed to circumvent the above
challenges either by improving the acquisition [17]–[21], or by
presenting advanced algorithms to restore damaged or sparse
photon data [14], [22]–[24] of multidimensional single-photon
LiDAR images. We distinguish two main approaches to improve
data acquisition using subsampling, those considering spatially
structured scanned points, and those based on random points.
Structured point scanning includes foveated based scanning,
which mimic the vision system found in the animal king-
dom [18], [25], [26]. Such systems consider a structured scan-
ning array (e.g., a circle) which allocates denser points in regions
of interest and sparser points in the remaining regions. The posi-
tion of the region of interest is updated dynamically based on the
observed scene. The second family includes random scanning
points which can be associated with a static or dynamic sampling
procedure. The static methods introduced in [19], [21] showed
satisfactory results under challenging conditions. Nonetheless,
they are still incompatible with real-time requirements and are
computationally expensive as they use reversible-jump Markov
chain Monte Carlo (RJ-MCMC) methods as an inference tool.
Random sampling was also considered in sparse-to-depth re-
construction using deep learning approaches. Methods such
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as [27]–[29] used random scanning to obtain dense depth maps
using sparse random measurements acquired from a LiDAR
sensor and an RGB image from a camera. However, these
approaches require an RGB guide to upsample the sparse map
into a dense one. In [20], a dynamic sampling scheme was
proposed showing significant improvement in depth restoration
over static sampling schemes. However, this algorithm assumes
a negligible contribution from ambient light photons which is
often not satisfied for real-life scenarios. Deep learning was
also investigated for adaptive depth acquisition. The authors
of [17] proposed a method that uses an RGB image to ap-
proximate the depth map and hence locate regions of interest,
which are re-scanned to refine the depth map. An improvement
was proposed in [30] by combining the robust reconstruction
algorithm [27] and an estimate of uncertainty using ensemble
learning to iteratively improve data sampling. However, learning
based algorithm requires the availability of the training data and
a guiding RGB image to improve performance, and could be
sensitive to the differences between training and testing data.
Furthermore, all the aforementioned deep learning approaches
are only optimized for a depth reconstruction task, and require
depth values as input instead of photons detected by the Lidar
system.

This paper proposes a new framework for task-optimized
adaptive sampling (AS) of the scene to jointly improve both
the acquisition and processing of single-photon sensing systems
without making use of any other imaging modality. Based on
a selected task, the data acquisition step can be optimized by
dynamically sampling the most informative locations of a scene
as in [20], [31]. As indicated in Fig. 1, the proposed scene-based
sampling strategy is based on three main steps, (i) select the
points to scan and their dwell time, (ii) use scanned points to
perform a task using a statistical framework with uncertainty
quantification, (iii) construct a map of regions of interest (ROI)
to define the next set of scanning points. In this paper, we
demonstrate this framework on a LiDAR 3D imaging application
and focus on the task of target detection based on object spectral
signatures. A Bayesian framework is adopted to perform this
task since (i) it allows regularization of the ill-posed problem
resulting from the scene sub-sampling, (ii) it benefits from
marginalisation tools that lead to fast analytical estimates of the
parameters of interest, and (iii) it quantifies parameter uncer-
tainties which will be used to define the ROI map. The proposed
model accounts for data Poisson statistics and parameter prior
information, to build a posterior distribution of the parameters
of interest. These parameters include spatial labels to locate
pixels with or without a reflective surface, the class of each pixel
based on a known spectral library, and depth estimates for pixels
having an object. The proposed AS framework and Bayesian
algorithm are analysed when considering both structured and
random sampling scenarios (pixel wise or array scanning), and
validated on sparse data with high background levels. The study
shows promising results when compared to static or dynamic
sampling strategies.

To summarize the main contributions of the paper are:
� The use of a scene-based sampling approach that is opti-

mized for multiple tasks in the context of single-photon

Fig. 1. Representation of the proposed adaptive sampling process. ROI stands
for region of interest.

LiDAR imaging. This sampling approach allows fast data
acquisition by sampling the most informative regions to
perform a task on a particular scene.

� A new computationally efficient Bayesian algorithm to
perform multispectral classification, depth estimation and
target detection.

The paper is structured as follows. Section II presents the
task-based adaptive sampling approach. The Bayesian model
for the classification task and the associated estimation strategy
are presented in Sections III and IV, respectively. Results on
simulated and real data are analysed in Sections V and VI. The
Conclusions and future work are finally reported in Section VII.

II. TASK-OPTIMIZED ADAPTIVE SAMPLING

Single-photon LiDAR acquire histograms of counts for each
pixel location leading to large data volumes as we increase the
spatial resolution (range resolution represented by the number of
time bins, or cross-range resolution represented by the number of
pixels) and/or the spectral resolution. For instance, a data set with
100× 100 pixels, 1000 time bins, and 32 wavelengths can yield
an excessively large number of data samples (>108) which will
lead to a significant computational load and prohibitive memory
requirements. Adaptive sampling appears as a promising strat-
egy to reduce data volume [17], [20], [25], [26], [30] by focusing
the scanning on pixels containing target’s returns, and scanning
less those only containing background reflections.

The proposed adaptive sampling framework is summarized
in Fig. 1. Assuming the presence of a high-resolution (HR)
sampling grid of N pixels, the approach aims to iteratively
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sampleNs pixels to progressively improve the performance of a
pre-defined task (e.g., depth estimation, classification, etc). The
location of these Ns pixels is subject to different constraints
based on the scanning scenario considered. Indeed, theNs pixels
could be non-uniformly located in the scene when considering
pixel-wise scanning of the scene, or have a spatial structure
when considering an array scanning system. Both scenarios
will be investigated in the following section. Assuming no prior
information about the scene of interest, the first iteration will
scanNs pixels uniformly spaced across the scene. The collected
samples are then used to perform a specific task such as target
detection, classification, depth estimation, etc. The HR sampling
grid of size N is constructed by an inpainting process using
the cumulative scanned samples and a non-linear operator (in
this paper a median filter). The uncertainty of the estimated
parameters are then used to establish a map of regions of
interest that will serve as a basis for defining the positions and
the acquisition times of the new sampled pixels. This iterative
procedure will continue until convergence, as indicated in Algo.
1 where i represents the current iteration. The next subsections
describe in detail each of these steps.

Algorithm 1: Task-Optimized Adaptive Sampling.
1: Initialization
2: Initialize: Ns, pixel locations ν(1)Ns

, pixels acquisition

times are t(1)νNs
, N , conv=0

3: while conv= 0 do
4: Scan Ns pixels with locations ν(i)Ns

and acquisition

times t(i)νNs

5: Processing step: Fast and robust task performance
(object detection, classification, depth estimation,
etc)

6: Regions of interest: Computation of a probability
map of ROI

7: Update sampling step: Generation of new positions

ν
(i)
Ns

(using a MH algorithm) and acquisition times

t
(i)
νNs

8: Convergence: conv= 1, if the stopping criteria are
satisfied.

9: end while

A. Fast and Robust Task Performance

Sensing aims to collect information regarding some phenom-
ena and to perform a pre-defined task, such as depth estimation in
LiDAR, cell detection in microscopy, target tracking in defence,
etc. This step of the algorithm performs this pre-defined task by
solving an inverse problem. In this work, we adopt a Bayesian
approach (detailed in Section III) that leads to the estimation
of M parameters of interest for the nth scanned position, de-
noted θn = (θn,1, . . . , θn,M ), together with a measure of their
uncertainties εn = (εn,1, . . . , εn,M ), where both θn and εn are
extracted from the estimated parameter posterior distributions.
These estimates are only available on scanned pointsNs, which
represent a subset of the high-resolution grid composed of

N pixels. To obtain a high-resolution ROI map, the obtained
sub-sampled estimates should be spatially extended to cover
more space in the HR grid. This leads to an inpainting problem,
in which the parameters and uncertainties of an nth unavailable
pixel (i.e., unscanned pixels or scanned pixels without photon
detection) can be inferred from scanned neighbours pixels, as
follows θn = hp(θψn

), and εn = hu(εψn
)whereψn represents

the 3Wind × 3Wind window of neighbours of the nth location,
and hp, hu represent non-linear inpainting operators on the
parameters and uncertainties, respectively. In this paper, we are
interested in fast operators allowing efficient AS iterations, and
thus adopt the median filter for both hp, hu in what follows.
Other advanced optimization or learning based algorithms could
be considered as in [27]–[29], which is beyond the scope of this
paper. The resulting HR estimates and uncertainties will be used
to build the region of interest (ROI) map, as described in the
following section.

B. Regions of Interest

In this subsection the algorithm generates a probability map
m ∈ RN (withmn ≥ 0 and

∑
nmn = 1) of regions of interest,

where regions with higher values will be scanned more fre-
quently. This ROI is closely related to the targeted task and
the nature of the parameters of interest. Based on an estimation
task, the method in [20] aims to improve depth estimates and
defined the ROI based on depth gradients, while the method
in [31] introduced additional features based on the distance
between scanned points. In a target detection scenario, where
a target is defined as the presence of a reflective surface in
the single-wavelength case or an object with a specific spectral
signature in the multispectral case, the AS procedure would
focus on scanning regions having a target and spending less
resources on other regions in the scene. This paper assumes
the presence of uncertainty measures ε in addition to parameter
estimates θ, and proposes to build a ROI probability map m
such as m = hr(θ, ε), where hr is a chosen nonlinear function.
The latter formulation allows the combination of multiple tasks,
and to take advantage of the available uncertainty measures. For
example, if we are interested in reconstructing the depth profile
of an object with a specific spectral signature. In this case, the
parameters θ could gather a depth estimate and a spatial label
that classifies pixels based on their spectral signatures, and the
ROI map should highlight pixels belonging to that object and
give a particular interest to pixels with high depth uncertainty.
Finally, it should be noted that pixels with no estimates after the
inpainting process have the highest uncertainty and will receive
a high probability for sampling, in contrast to pixels that have
reached the maximum acquisition time and which would be
excluded from the next sampling iteration.

C. Generation of New Locations and Acquisition Times

The proposed strategy is based on samplingNs pixels at each
adaptive sampling iteration. The locations of scanned points are
subject to physical constraints due to the sampling scenario,
i.e., pixel-wise scanning or array based sampling as shown in
Fig. 2. Single-photon pixel-wise scanning has been widely used
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Fig. 2. Illustration of different acquisition scenarios where gray objects rep-
resent regions of interest. Ns pixels (red dots) are scanned in each iteration
of adaptive sampling (Ns = 16 in this example) using sequential or parallel
scanning, with different array sizes (r = 1 and r = 2). Some pixels are outside
the ROI to explore all parts of the scene.

as it allows eye-safe imaging even at km-range distances [19],
[32], [33]. With recent technological advances, array scanning
is possible by moving a detector array spatially to scan a large
field of view [18], [26], [34], [35]. In this paper, we study
both scanning cases, and investigate the scenarios of sequential
scanning (i.e., when scanning one pixel/array at a time) and
parallel scanning when scanning all pixels in one shot (e.g., using
a binary mask to select pixels or by activating electronically
some pixels of an array of detectors, as illustrated in Fig. 2).
Given the ROI probability map, we can select the next locations
to scan (Ns/r2 locations when scanning using r × r array, i.e.,
Ns locations in pixel-wise scanning) by selecting those with the
highest probabilities. As stated in [20], this strategy prevents the
exploration of the full scene which might lead to missing small or
dynamic objects. Consequently, given the ROI probability map,
the new locations will be randomly sampled according to the dis-
tribution m using the Metropolis-Hastings algorithm [36] with
a uniform proposal distribution on the HR grid. It is worth noting
that array scanning requires selecting Ns/r

2 array positions
together with the associated array sizes, i.e., distance between
points that mimic an array zoom-in or zoom-out. These array
sizes are fixed using multi-scale information of the ROI map m.
Finally, it can be seen from Fig. 2 that the dwell time depends
on the scenario and the acquisition time per shot. For example,
consider a fixed acquisition time per step t0, the sequential array
scanning will require Nst0/r2, while parallel scanning could
be done in one shot requiring acquisition time t0. Each new
location (to be sampled from Ns or Ns/r2) will be assigned an
acquisition time ranging from t0 to ct0, where t0 is a user defined
acquisition time step and c is the importance level of a shot.
During the iterative process, the defined acquisition time step
is updated to ensure that the proportion of scanned pixels with
photon detections is between [0.7, 0.9]. This will avoid working
with too small time steps leading to low photon detections, or
wasting resources by using unnecessary long time steps.

D. Stopping Criteria

Many stopping criteria can be considered for Algo. 1. The first
criterion compares the two last depth parameter estimates and

stops the algorithm if their root mean square error is smaller than
a given user-defined threshold, that is: RMSE(d(t+1), d(t)) ≤ ξ,
where RMSE(d(t+1), d(t)) denotes the root mean square error
between the depth estimates at the iteration t+ 1 and t. Other
criteria can be considered such as reaching a pre-defined maxi-
mum acquisition time-per-pixel, a maximum number of scanned
points and/or a maximum number of iterations.

III. HIERARCHICAL BAYESIAN MODEL FOR CLASSIFICATION

STRATEGY

The proposed adaptive sampling strategy is optimized for
a predefined task. In this paper, we are interested in a target
detection task based on a known object spectral signature. More
precisely, we propose a spatial classification algorithm that la-
bels pixels based on their spectral signatures, which then allows
concentrating scanning samples on pixels of interest. Due to data
sub-sampling during acquisition, the resulting histograms are of-
ten sparse and some pixels might be empty, leading to an under-
determined problem to perform the task. The latter is solved
using a Bayesian approach that performs the classification task
on multispectral LiDAR data. Adopting a Bayesian framework,
the unknown parameters will be assigned prior distributions that
will allow inclusion of additional information and regularization
to the ill-posed problem. In addition to parameter estimates, this
approach will also provide uncertainty measures regarding the
estimated parameters, as required by the AS strategy. The next
subsections introduce the likelihood summarizing data statistics,
and the considered parameter prior distributions, which are
combined to obtain the parameters joint posterior distribution.
Note that the parameter’s posterior distributions are evaluated
in a pixel-wise fashion only on the scanned pixels, i.e., for
n ∈ {1, . . ., Ns}.

A. Likelihood

We consider a 3-dimensional cube of histograms Y of Li-
DAR photon counts of dimension N × L× T , where N , L
and T are the number of pixels, spectral wavelengths and time
bins, respectively. Let Y n = [yn,1,yn,2, . . .,yn,L]

T be an L×
T matrix where yn,l = [yn,l,1, yn,l,2, . . ., yn,l,T ]

T . According
to [22], [37], each photon count yn,l,t, where n ∈ {1, . . ., N},
l ∈ {1, . . ., L} and t ∈ {1, . . ., T}, is assumed to follow a Pois-
son distribution given by:

yn,l,t|rn,l, dn, bn,l ∼ P[rn,l gl(t− dn) + bn,l], (1)

where P(.) denotes a Poisson distribution, rn,l ≥ 0 is the re-
flectivity observed at the lth wavelength, dn ∈ {1, 2, . . ., T}
represents the position of an object surface at a given range
from the sensor, bn,l ≥ 0 is the constant background level as-
sociated with dark counts and ambient illumination and gl(.) is
the system impulse response function (IRF), whose shape can
differ between wavelength channels (see Fig. 3), assumed to be
known from a calibration step and normalized

∑T
t=1 gl(t) = 1.

An equivalent model can be considered as in [38] using the
signal-to-background ratio (SBR), defined as the ratio of the
useful detected photons rn,l and the total number of background
photons in the histogram bn,lT , i.e.:wn,l =

rn,l

bn,lT
withwn,l ≥ 0.
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Fig. 3. (Top) The considered Lego scene used in section VI, (middle) spectral
signatures of the spectral classes associated with Lego scene, (bottom) the
normalized IRFs associated with the wavelengths 473, 532, 589 and 640 nm [19]
used in Section VI.

Thus, (1) can be written in the following form

yn,l,t|ωn,l, dn, bn,l ∼ P{bn,l [wn,l T gl(t− dn) + 1]}. (2)

This formulation allows an easy marginalization of the pos-
terior distribution with respect to (w.r.t.) the background noise
parameter as indicated in Section IV. The joint likelihood, when
assuming the observed pixels, wavelengths and bins mutually
independent, is then given by

p(Y |Ω,d,B) =

L∏
l=1

T∏
t=1

p(yn,l,t|ωn,l, dn, bn,l) (3)

where d = (d1, . . . , dN ) and Ω, B are two matrices gathering
ωn,l, ∀n, l, and bn,l, ∀n, l, respectively.

B. Prior Distributions

A LiDAR histogram can either result from background counts
(in the absence of a target photons due to rn = ωn = 0) or
a mixture of target and background counts (when rn ≥ 0 or
ωn ≥ 0). Assuming the presence of K spectral signatures, the
classification problem aims to associate a pixel with a target to
one of theK spectral classes. The reflectivity prior accounts for
this effect by considering a mixture of K + 1 distributions as
follows

P(rn,l|un, αrk,l, βrk,l,K) = δ(un)δ(rn,l)

+
K∑
k=1

δ(un − k)G(rn,l;αrk,l, βrk,l)

(4)

where un ∈ {0, 1, . . .,K} is a latent variable that indicates the
absence of target if un = 0, otherwise, it indicates the label
of the class, δ(.) is the Dirac delta distribution centred in 0,
G(rn,l;αrk,l, βrk,l) represents a gamma density whose shape and
scale hyperparameters (αrk,l, β

r
k,l) are fixed based on the K

known spectral signatures. This prior is inspired by the spike-
and-slab prior used in [38]. It accounts forK + 1 cases, the first
represents the absence of a target in the nth pixel and is obtained
for un = rn,l = 0, hence the use of a Dirac distribution (the
spike part). The slab part accounts for the presence of one of
the K signatures by using a gamma distribution. Thanks to the
use of many wavelengths, this prior extends the object detection
problem in [38] to a class detection problem using the spectral
signature of each class. Considering the non-negativity of bn,l,
∀n, l and its continuous nature, the background level will be
modelled with a gamma distribution as in [39]:

P(bn,l|αbl , βbl ) = G(bn,l, αbl , βbl ) (5)

whereαbl and βbl are background hyper-parameters. Considering
that only dozens of distinctive wavelengths will be used, we will
consider the channels to be uncorrelated to keep the estimation
strategy tractable. Since we are interested in using the model
described in (2) instead of (1), assuming that the reflectivity
and the background noise are independent and by applying a
random variable change, the resulting joint prior distribution will
yield:

p(ωn, bn|un,φ,K) =

L∏
l=1

p(ωn,l, bn,l|un, φl)

=

L∏
l=1

[
δ(un)δ(ωn,l)G(bn,l, αbl , βbl )

+

K∑
k=1

δ(un − k)Ck,l(ωn,l)

× G(bn,l, α+
l,k, β

+
l,k(ωn,l)

]
(6)

with

Ck,l(ωn,l) =
(βbl )

αb
l (βrk,l)

αr
k,lTα

r
k,l

B(αrk,l, α
b
l )

ω
αr

k,l−1

n,l

β+
l,k(ωn,l)

α+
l,k
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α+
l,k = αbl + αrk,l

β+
l,k(ωn,l) = βbl + βrk,lTωn,l

where B(.) is the beta function and φ = (φ1, φ2, . . ., φl) with
φl = (αrk,l, β

r
k,l, α

b
l , β

b
l ), k ∈ {0, . . .,K}.

As we assume no prior knowledge about a pixel’s class, the
parameter un is assumed to be drawn from a uniform distribu-
tion, i.e.: p(un = k) = 1

K+1 , where k ∈ {0, . . .,K}. However,
This non-informative class prior can be changed in the pres-
ence of additional information regarding the classes. The depth
parameter dn is assigned a non-informative uniform prior as
follows:

p(dn = t) =
1

T
, ∀t ∈ {1, . . ., T}. (7)

Nonetheless, this can be modified in case of additional infor-
mation regarding the target position.

C. Joint Posterior Distribution

From the joint likelihood in (3) and the prior distributions
specified in Section III-B, we can obtain the joint posterior
distribution for ωn, bn, dn and un given the 3D histograms
Yn and the hyperparameters φ and K. Using Bayes rule and
assuming that dn and un are independent from ωn and bn, the
joint posterior distribution of the proposed Bayesian model can
be formulated as follows:

p(Θn|Yn,φ,K) ∝ p(Yn|Θn)p(Θn|φ,K) (8)

where

Θn = (ωn, bn, dn, un)

p(Θn|φ,K) = p(ωn, bn, dn, un|φ,K)

= p(ωn, bn|φ, un,K)p(dn)p(un). (9)

IV. ESTIMATION STRATEGY

The posterior distribution in (8) reflects our knowledge of
the unknown parameters to be estimated given the photon
data and the available prior knowledge. In this paper, we are
interested on estimating the depth and label parameters, i.e.,
M = 2 and θ = (d,u). The Bayesian estimator to be consid-
ered, both for the depth and class parameter, is the maximum
a posteriori (MAP) estimator as in [13], [40]. From (8), we
marginalize the background noise and signal-to-background pa-
rameters to get the joint depth and class marginal probability as
follows:

p(un, dn|Yn) =

∫ ∫
p(ωn, bn, dn, un|Yn)dbn dωn. (10)

A. Class Estimation

The decision rule adopted to determine the pixel label is

Hn = argmax
k∈{1,...,K}

p(un = k |Yn) (11)

with

p(un|Yn) =

T∑
dn=1

∫ ∫
p(ωn, bn, dn, un|Yn)dbn dωn (12)

where Hn represents the class of the nth pixel. Note that for
K = 1 and L = 1, we end up with a target detection decision
rule as in [38]. We demonstrate that the marginal probability
p(un|yn) is :

p(un = 0|Yn) =
L∏
l=1

p(un = 0|yn,l)

=
L∏
l=1

p(un = 0)Γ(ȳn,l + αbl )

(T + βbl )
(ȳn,l+αb

l ) γl
(13)

p(un = k|Yn) =
T∑

dn=1

∫ ∞

0

L∏
l=1

[
p(un = k)p(dn)Dn,l,kγ

−1
l

Fn,l,k (ωn,l, dn)dωn,l] (14)

with

γl =
Γ(αbl )

(βbl )
αb

l

T∏
t=1

yn,l,t!

Dn,l,k =
Γ(ȳn,l + αbl + αrk,l)(Tβ

r
k,l)

αr
k,l

Γ(αrk,l)

Fn,l,k (ωn,l, dn)

=
exp{∑T

t=1 yn,l,t ln[ωn,l Tgl(t− dn) + 1]}
ω
1−αr

k,l

n,l {βbl + [T (1 + ωn,l(1 + βrk,l))]}α
+
l,k+ȳn,l

(15)

where ȳn,l =
∑T
t=1 yn,l,t. In the event of no target, we can

see that the integral is available in its analytical form thanks
to the conjugacy between the model (2) and the priors (6).
The marginal distribution in (14) is, however, intractable in
presence of a target. One way to simplify it is to consider that
the depth captured is different across all the spectral wave-
lengths. This simplification improves the tractability of the
marginal class probability and will transform (14) into (16) as
follows:

p(un = k|Yn) =

L∏
l=1

T∑
dn,l=1

[
p(un = k)p(dn,l)Dn,l,kγ

−1
l

∫ ∞

0

Fn,l,k (ωn,l, dn,l)dωn,l

]
. (16)

The resulting integral with respect to ωn,l in (16) can be nu-
merically approximated with a quadrature method. The matched
filter in (15) can be computed with O(T logT ) using the fast
Fourier transform (FFT) leading to an overall complexity of the
integral per-pixel in (16) given by O(KLJT logT ), where K
is the number of classes considered, L is the number of wave-
lengths, J is the computational cost of the evaluated integrand
and T is the number of the temporal bins.

B. Depth Estimation

The depth estimate can be obtain as follows

d̂n = argmax
d∈{1,...,T }

p(dn |Yn) (17)
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where

p(dn|Yn) =

K∑
k=1

L∏
l=1

[
p(un = k)p(dn)Dn,l,kγ

−1
l

∫ ∞

0

Fn,l,k (ωn,l, dn)dωn,l

]
. (18)

Although ω can be integrated out from (18), this might lead to
a high computational cost. In this paper, we choose to estimate
the depth given the easily computed marginal map estimateωmap

n,l

using the simplified model introduced in Section IV-A, leading
to

d̂n = argmax
d∈{1,...,T }

p(dn |Yn,ω
map
n ). (19)

The proposed approach allows for the evaluation of the full
marginal depth posterior. In addition to the depth point estimate,
this distribution will allow uncertainty quantification (i.e., to
quantify our confidence regarding the estimates). In this paper,
we evaluate the depth uncertainty by considering the depth
negative log-cumulative marginal posterior around the MAP

estimate, i.e., NCD = −log[
∑d̂n+ε

d̂n−ε p(dn |Yn,ω
map
n )], where ε

is a user fixed constant. Note that a small NCD indicates a high
confidence about the estimate, while a large one would be an
indication of low confidence.

V. RESULTS ON SIMULATED DATA

This section evaluates the performance of the proposed adap-
tive sampling framework and classification algorithm on sim-
ulated data. We first evaluate the performance of the Bayesian
classification algorithm using simulated multispectral data with
L = 4wavelengths when varying the signal-to-background ratio
(SBR) and the average signal photons per pixel. Then, we com-
pare different adaptive sampling scenarios based on sequential
and parallel scanning modes for different array sizes. Finally,
we compare the proposed adaptive sampling strategy with other
static and dynamic sampling schemes from the literature. Except
for network based algorithms which were trained on a server
equipped with an RTX 3090 GPU and 128 GB RAM, all other
simulations were performed using Matlab 2020a on an Intel Core
i7-8700@3.2 GHz, 16 GB RAM and results are averaged based
on three Monte Carlo realisations.

A. Comparison Algorithms and Evaluation Criteria

The proposed approach (denoted AS) is compared against
various sampling strategies, namely:

1) Static sampling strategies: Including uniform (US) and
random (RS) sampling strategies that only scan a ratio
of the N pixels (we considered 30% and 60% of pixels
for random sampling). The maximum likelihood estimate
(MLE) in the absence of background counts is considered
to estimate the depth parameter [33], which reduces to
the maximum of the correlation between the log-IRF and
each histogram (denoted by Xcorr for cross-correlation).
For multispectral data, the depth estimate reduces to max-
imizing the sum of the cross-correlations between each
log-IRF and its corresponding histogram channel-wise,

which is the maximum likelihood estimator in absence of
background counts.

2) Fast adaptive sampling (FAS) strategy [20]: This algo-
rithm adopts the same framework as in Section II while
considering a depth estimation task. Depth is estimated
from histograms using a cross-correlation with a Gaussian
IRF (i.e., approximate MLE) leading to fast analytical
computations. The ROI map is generated based on depth
variations over pixels (i.e., depth’s gradient).

3) Learning-based Adaptive Sampling (LAS) strategy using
Ensemble Variance [30]: This is an iterative algorithm to
perform adaptive sampling. Within each iteration (phase),
few depth points are initially scanned, then depth com-
pletion is performed using a deep learning algorithm that
estimates an ensemble M of depth maps to approximate
depth uncertainty. The latter is then used to define the
next informative pixels to sample. Note that the proposed
Bayesian algorithm is applied to the histogram data to
obtain the depth estimates required by this algorithm.
In this paper, the LAS algorithm will not use an RGB
guide, as it is not always available for real data. This
algorithm was trained on a server equipped with an RTX
3090 GPU using the KITTI data suggested by the authors
and described in [30] with the following parameters: 4
phases, M = 5, batch size of 4, an 18-layer architecture,
and a maximum of 7 training epochs.

It is worth noting that depth completion (i.e., filling unscanned
pixels) is performed using a median operator hp when consid-
ering US, RS, FAS and the proposed AS approach, while LAS
used a sparse-to-depth approach developed in [27].

To evaluate the performance of the proposed algorithm against
the approaches stated above, we use the root mean square error
(RMSE) and the accuracy to evaluate the depth estimation
and class estimation, respectively. The RMSE is defined as

RMSE =
√

1
N ||dref − d̂||2, where dref is obtained from sam-

pling the whole scene with the maximum acquisition time and
under a negligible background illumination (see the second
column of Fig. 4). The accuracy in percentage is defined as
ACC = TP+TN

TP+TN+FP+FN , where TP, TN, FP and FN represent:
true positive, true negative, false positive and false negative
probabilities, respectively.

B. Datasets

One simulated scene and two real single-photon data sets have
been used to assess the performance of the proposed algorithm.
The first synthetic scene is the cluttered Art scene Fig. 4 (top-left
image) extracted from the Middlebury dataset.1 This scene is
commonly used as a standard scene for algorithms evaluation in
many LiDAR imaging experiments [15], [22]. It contains N =
123× 155 depth and grayscale images that are used to simulate
histograms of photon counts according to the model in (1), when
considering a real impulse response function, T = 164 bins and
a 16 ps time bin resolution. Note that the scene is truncated in
depth to simulate pixels without target returns as represented in

1[Online]. Available: http://vision.middlebury.edu/stereo/data/

http://vision.middlebury.edu/stereo/data/
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Fig. 4. From top to bottom: The Art scene, the Mannequin head and the Lego
scene. From left to right column: the scene of interest, reference depth estimation
(in time bins) and class detection map with maximum acquisition time per-pixel
in absence of illumination.

Fig. 4. The second scene is the life-sized mannequin head shown
in Fig. 4 (middle-left image). This data was acquired at a standoff
distance of 40 m using a time-of-flight scanning sensor, based on
a time-correlated single-photon counting system (TCSPC) (the
reader is referred to [32], [33] for more information regarding
the transceiver system and data acquisition hardware used for
this work). The spatial, spectral and temporal dimensions for
the mannequin head are N = 142× 142 pixels, L = 1 wave-
length and T = 191 bins (bin width of 16 ps). Each pixel was
acquired for 30 ms acquisition per-pixel in a dry and clear sky
environmental conditions leading to an SBR around ω = 70. In
all simulations using the Art scene and the mannequin head data,
we consider φl = φ = (αr, βr, αb, βb) = (2, 2

rM
, 1, T

rM
) with

rM being the average number of signal photons per pixel. These
hyper-parameter values are relatively non-informative for both
the reflectively and the background noise parameters.

The third scene is the Lego data depicted in Fig. 3 and
bottom-left of Fig. 4 (the reader is referred to [19] for more
detail). The object, of size 42 mm tall and 30 mm wide, was
scanned at a standoff distance of 1.8 m using a TCSPC module
for an acquisition time per-pixel of 160 ms (40 ms acquisition
time per pixel using four wavelengths where the system IRFs
gl(.), ∀l are shown in Fig. 3-bottom). The size of the spatial,
spectral and temporal dimension of the single-photon Lego data
are, respectively, N = 200× 200 pixels, L = 4 wavelengths
and T = 1500 bins with a timing bin size of 2 ps. Two versions
of the Lego data are used in the experimental section. The first
version was acquired in absence of background illumination
(SBR= ω = 66) and the second one was acquired with presence
of ambient illumination leading to an SBR of ω = 1.3. In all
simulations, the Lego exhibits three classes of interest (K = 3)
whose spectral signatures (related to αr and βr) are extracted
from pixels acquired considering a negligible background con-
tribution and after maximum acquisition time per-pixel (see
signatures in Fig. 3). αbl and βbl are relatively non-informative
such that (αbl , β

b
l ) = (1, T

rMl
)with rMl being the average number

of signal photons per pixel for the l th spectral wavelength.

Fig. 5. (Top) Depth RMSEs and (bottom) Classification accuracy of the sub-
sampled Lego data w.r.t. signal-to-background ratio (SBR) and the average signal
photons.

C. Evaluation of the Classification Algorithm

In this section, we will evaluate the performance of the
classification algorithm (according to metrics described in Sec-
tion V-A) by simulating data based on the real multispectral
single photon Lego data described in Section V-B. We consider
a spatially sub-sampled data to analyse the behavior of the
algorithm w.r.t. SBR and photons levels. The subsampled data
hasN = 40× 40pixels,L = 4wavelengths andT = 1500 time
bins (bin width of 2 ps), and is corrupted so that the SBR varies
from 0.01 to 100. Fig. 5 represents the RMSE in meters (top)
and the class accuracy (down) w.r.t SBR and the average signal
photons. These two figures provide the user with the required
number of useful photons (which is proportional to the scanning
time) needed to have a given depth precision and accuracy for
different SBR levels. Table I depicts the confusion matrix for
an SBR of magnitude ω = 0.6 and after 5 ms of acquisition
time per-pixel (which corresponds to signal photons per-pixel
≈ 42). In this table, the bold values exhibit the number of pixels
of each predicted class, and bellow them their percentages w.r.t
the total number of pixels (here 402 pixels). The last horizontal
and vertical lines of this table represent the precision and the



182 IEEE TRANSACTIONS ON COMPUTATIONAL IMAGING, VOL. 8, 2022

Fig. 6. Depth RMSEs and classification accuracy w.r.t. acquisition times for different SPAD array resolution when the acquisition mode is done (a) sequentially,
or (b) in parallel. (c) Depicts the sampling pattern for different array sizes.

TABLE I
CONFUSION MATRIX OF THE SUB-SAMPLED LEGO DATA (40× 40 PIXELS) FOR

SBR = 0.6 AND 5 MILLISECONDS OF DWELL TIME PER-PIXEL AND PER

WAVELENGTH (SIGNAL AVERAGE PHOTONS PER-PIXEL ≈ 42)

recall, respectively. This table highlights a good classification
accuracy for these SBR and photon levels. Considering previous
parameters and for maximum acquisition time, the average com-
putational time per-pixel of the proposed classification algorithm
is ≈ 55 ms, while it should be noted that per-pixel operations
are independent allowing parallel processing.

D. Pixel and Array Based AS

This section analyses the performance of the proposed AS
strategy when considering different scanning scenarios as indi-
cated in Fig. 2. More precisely, we study sequential and parallel
sampling, when considering different array sizes. For all cases,
we evaluate the depth and class accuracy with respect to acqui-
sition time. As indicated in Section II-C, the acquisition time
per one iteration of AS will depend on the considered sampling
scenario (e.g., equal to Nst0/r2 for sequential scanning and to
t0 for parallel scanning, when assuming t0 dwell time per shot
and r × r array). The parameters considered for this section are
Ns = 322, t0 = 300μs.

First, we fix SBR= 66 and study the effect of varying array
sizes as follows r ∈ {1, 4, 8, 16, 32}. Fig. 6(a) and (b) shows
the variation of depth RMSE and classification accuracy w.r.t.
acquisition time. As expected, these figures show faster con-
vergence for parallel acquisition reaching millisecond levels as
opposed to seconds in sequential scanning. Considering sequen-
tial scanning, Fig. 6(a) highlights faster convergence for larger

array systems as they acquire r2 samples in parallel. For parallel
scanning, large arrays impose spatial constraints on the sampled
locations, hence, better performance is obtained by small arrays
as they better approximate the scene features. This effect is
highlighted in Fig. 6(c) showing the sampled points, where
smaller arrays allow fine scene scanning by locating more points
on the Lego shape (i.e., dense and focused scanning pattern) than
larger arrays.

Second, we evaluate the effect of SBR and the size of the
object of interest within the field of view, when considering a
sequential acquisition and r ∈ {1, 32}. To change the target size,
we compare a large ROI obtained when targeting the full Lego
(i.e., the K = 3 classes are the target) and the case where the
target of interest are the green pixels in Fig. 3 (i.e., the target is
only one classK = 1). Fig. 7(a) and (b) show depth and accuracy
performance for different SBR∈ {1.3, 66} and object sizes. As
expected, the proposed AS approach shows faster convergence
for smaller regions of interest (i.e., dashed lines better than
continuous lines), and/or for larger SBR values (i.e., blue curves
are similar or slightly better than red ones). Fig. 7(c) shows the
sampled patterns for the different cases, indicating finer scanning
for r = 1 compared to coarse results when considering r = 32.

E. Comparison With Static and Dynamic Sampling Algorithms

This section evaluates the performance of the proposed frame-
work on the simulated Art scene when considering static (US,
RS) and dynamic (FAS, LAS) sampling strategies. In both
cases, performance is compared by evaluating depth RMSE w.r.t.
average scanned photons. For this section, we consider a sequen-
tial scanning system with r = 1 and the sampling parameters
Ns = 475 pixels, and t0 = 900μs. Fig. 8 (left) shows results
when comparing AS to static sampling strategies for high and
low SBR. It highlights the benefit of the proposed algorithm as it
converges faster than other approaches regardless of the scenario
considered. While the factor of improvement is around two in
absence of illumination, the potential of the proposed approach
appears when the level of background is high. For example,
at SBR= 0.79 and for an RMSE= 0.02˜m, the proposed AS
algorithm outperforms static sampling strategies by a factor of



BELMEKKI et al.: FAST TASK-BASED ADAPTIVE SAMPLING FOR 3D SINGLE-PHOTON MULTISPECTRAL LIDAR DATA 183

Fig. 7. Depth RMSEs and classification accuracy w.r.t. acquisition times for two SBR levels for multispectral target detection (K = 1) and spectral classification
(K = 3) using a (a) 1× 1 pixel scanning system, (b) 32× 32 array scanning system. (c) Depicts the sampling pattern obtained for r ∈ {1, 32} when considering
the full Lego as a target (i.e., K = 3) or only the green region (i.e., K = 1). Similar patterns are observed for high or low SBR.

Fig. 8. Comparison of depth RMSEs using the proposed approach w.r.t.
average total photons against: (left) static sampling strategies, (right) Dynamic
sampling strategies. Solid and dashed lines represent: SBR > 40 (absence
of illumination) and SBR = 0.79, respectively. Results are obtained with 3
Monte-Carlo realizations.

≈ 5, highlighting the efficiency of the proposed statistical model
and sampling strategy. Fig. 8 (right) compares the proposed
AS to dynamic sampling algorithms. This figure highlights the
robustness of the AS approach when compared to FAS which
assumes the absence of background counts in the data. The LAS
is more robust than FAS, however, it shows limited performance
and seems to converge to a relatively high constant RMSE level.
This could be due to differences between the training and test
data. This is illustrated in Fig. 12 (top-row) which shows the
obtained depth maps at low SBR when considering the different
sampling strategies. This figure confirms best results with the
proposed AS algorithm and highlights the sensitivity of FAS to
background counts as it shows the worst depth map.

VI. RESULTS ON REAL DATA

This section evaluates the proposed strategy on two experi-
mental data sets, namely the monochromatic mannequin head
and the multispectral Lego scene. In both cases, we compare the
proposed adaptive sampling strategy against static and dynamic
sampling strategies and highlight its benefits for range estima-
tion, both in absence and presence of ambient illumination cases.
Finally, the system that will be used is a pixel-wise SPAD system
(r = 1) and the acquisition mode is sequential.

TABLE II
CONFUSION MATRIX OF THE LEGO SCENE (200× 200 PIXELS) IN (TOP)
ω = 66 AND 3 SECONDS OF ACQUISITION TIME PER WAVELENGTH (≈ 26

SIGNAL PHOTONS PER-PIXEL) AND (BOTTOM) ω = 1.3 AND 2.55 SECONDS OF

ACQUISITION TIME PER-PIXEL AND PER WAVELENGTH (≈ 22 SIGNAL

PHOTONS PER-PIXEL AND PER WAVELENGTH))

A. Evaluation of AS on the Mannequin Head

This subsection compares the proposed AS approach to static
and dynamic sampling strategies when considering a real
monochromatic dataset. We consider the mannequin head scene
and focus on the particular case where the number of wavelength
and classes of interest are respectively L = 1 and K = 1. This
reduces the classification algorithm to a target detection algo-
rithm. The proposed algorithm estimates the parameters of inter-
est (depth and class) in a pixel-wise fashion, thus we report pixel-
wise values as the processing can be parallelized. We compare
for two SBR levels, a high SBR= 70 with almost no background
light in Fig. 9(a), and a noisy case with SBR = 0.48 and SBR
= 0.18 in Figs. 9(b) and (c), respectively. The accuracy of all
SBR levels are reported in Fig. 9(d). In any of the above figures,
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Fig. 9. Depth RMSEs of the full mannequin head target for different sampling strategies w.r.t. (top) dwell time and (bottom) total time when (a) ω = 70,
(b) ω = 0.48, (c) ω = 0.18. (d) Target accuracy of the full mannequin head target for different sampling strategies w.r.t. (top) dwell time and (bottom) total time
for three SBR levels.

Fig. 10. Results of the proposed algorithm on the Lego data w.r.t acquisition time (dwell time) and total time compared to static sampling strategies for number
of classes and two SBR levels targeting (a) 3 classes and (b) 1 class in the absence of background illumination, (c) 3 classes and (d) 1 class under the presence of
background illumination.

the top subplots evaluate performance w.r.t. the acquisition time
(dwell time) used to scan the data. We also evaluate performance
while accounting for the total time of the AS process which
includes: the dwell time, the per-pixel processing time to perform
the task, the time to build the ROI map and the time to move the

scanning mirrors (one move is approximated by 150μ s). Under
high SBR, Figs. 9(a) show that depth performance are similar
for the different sampling strategies, although the proposed algo-
rithm provides additional classification information. The benefit
of the proposed framework becomes clear in the noisy case,
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where an improvement factor of 
 100 is observed compared
to other sampling strategies using Xcorr (at depth RMSE equal
to 15 mm in Fig. 9(c)). Note that the FAS algorithm is sensitive
to background and performs poorly in noisy cases. Note also
that LAS converges to approximately the same RMSE value for
different noise levels, which indicates its robustness to noise.
Fig. 9(d) shows a target accuracy higher than 97% at the very
beginning of the sampling process regardless of the SBR level
indicating the robust restoration strategy performed by hp, hu
using the median operator. Finally, Fig. 12 (middle-row) shows
the mannequin depth maps obtained with the different sampling
strategies indicating best performance with the proposed AS
framework.

B. Evaluation of AS on the Multispectral Lego Scene

This subsection evaluates the proposed strategy on the full
multispectral Lego data described in Section V-B (see Fig. 3
(top)). The approach is compared to different sampling strategies
while considering two tasks: (i) classification based on spectral
signature, (ii) signature based object detection.

1) AS for MS Classification: The first study consider a classi-
fication task, where the sensing aims to detect pixels with target,
and to classify them intoK = 3 classes based on known spectral
signatures (see Fig. 3). Fig. 10(a) and (c) shows depth RM-
SEs for negligible (ω = 66) and high background illumination
(ω = 1.3), respectively. In this case, the region of interest is large
and occupies most of the HR image, which reduces the benefit
of the proposed targeting approach. Nonetheless, Fig. 10(a)
and (c) show a noticeable improvement by the proposed AS
strategy especially for low SBR (e.g., In Fig. 10(c) and for
RMSE = 1.25 mm, we observe an improvement factor of 80
and 18 based on dwell or total times, respectively). Table II
shows the classification confusion matrix for the considered
Lego scene for an average acquisition time of 75μs per-pixel
and per wavelength (less than 3 seconds of total acquisition
time per wavelength). This table highlights good classification
results with an accuracy ≥ 0.9 even at low SBR. Finally, Fig. 11
illustrates the visual performance of the algorithm on the Lego
data (ω = 1.3) with respect to iterations. This figure indicates
that most samples are located in the Lego region as promoted
by the ROI map, and that both depth and classification maps
improve with iterations.

2) AS for Signature Based Object Detection: Being a scene
dependent approach, adaptive sampling is sensitive to the struc-
ture and the distribution of objects of interest in a particular
scene. So far, the objects of interest that we tested occupy an
important portion of scene (where the ROI map occupies more
than 50% of the HR grid). To simulate a real world scenario,
where targets are usually occupying a smaller portion of the
scene, the algorithm is run using the samples Lego data, but
targeting a single class corresponding to the green blocks on
both sides of the Lego (see top sub-figures of Fig. 3). In addition
to their small size, the green blocks have low reflectivity, hence
present high uncertainty. Thanks to the ROI map, the algorithm
will be able to scan this region and reduce the uncertainty
measure by scanning more around that region. This task is

Fig. 11. Illustrative results of the AS algorithm with respect to iterations. The
columns represent the process at a particular iteration and the rows represent from
top to bottom: scanned samples, robust depth estimation using spatial correlation
between pixels, robust class detection using spatial correlation between pixels
and the ROI map where yellow regions indicate important regions to sample
(ω = 1.3, Ns = 322, t0 = 250μs, T = 1500).

akin to target detection where the target is a single class of
interest. Figs. 10(b) and (d) show the resulting depth RMSEs
for ω = 66 and ω = 1.3, respectively. The latter figure reflects
an interesting and challenging real-world scenario as we are
most likely to be interested in locating: i) objects that occupy a
small portion of a scene, ii) with a specific spectral signature,
and iii) within an adverse environment (low SBR). In that case,
AS shows a significant improvement in acquisition time when
compared to other strategies, reaching an improvement factor of
10 and 200 at RMSE= 1mm for high and low SBR, respectively.
Finally, Fig. 12 (bottom-row) compares the proposed AS to
other algorithms on the Lego scene. This figures confirms best
performance with the proposed AS framework.

VII. CONCLUSION

This paper has presented a task optimized adaptive sampling
framework for multispectral single-photon LiDAR data. The
iterative approach samples new points to reduce the uncertainties
of the parameters of interest and hence improve their estimates.
We demonstrated the framework when considering two tasks:
(i) a classification task where the goal is to improve the labeling
of pixels based on their spectral signatures, and (ii) signature
based object detection. In both cases, pixels only containing
background photons are ignored to concentrate on informative
pixels with target reflections. A new Bayesian model was pro-
posed to perform these tasks by providing the parameter pos-
terior distributions, which contain parameter estimates together
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Fig. 12. Reconstructed depth maps using the studied sampling strategies for different scenes. The FAS algorithm is not applied to the multispectral Lego data as
it assumes monochromatic data.

with a measure of their uncertainties. Several experiments on
simulated and real data were performed showing the clear benefit
of the proposed framework when compared to static sampling
strategies. More precisely, we demonstrated faster convergence
of the depth estimate especially in realistic scenarios involving
a high background, and/or spatially small targets of interest.
We have also studied the use of different detector array sizes,
together with scanning modes that can be sequential or parallel.
As expected, it was observed that parallel scanning allows for
faster acquisition. While large arrays allows faster scanning, it
was also shown that small arrays allow finer sampling and hence
the targets shape. Future work will investigate a new Bayesian
formulation based on photon events to avoid building histograms
of counts as in the current approach. Generalizing the proposed
Bayesian model to account for multiple peaks per pixel and for
recursive parameter prior distributions will also be the subject
of future work.

REFERENCES

[1] A. M. Wallace, A. Halimi, and G. S. Buller, “Full waveform LiDAR for
adverse weather conditions,” IEEE Trans. Veh. Technol., vol. 69, no. 7,
pp. 7064–7077, Jul. 2020.

[2] J. Rapp, J. Tachella, Y. Altmann, S. McLaughlin, and V. K. Goyal,
“Advances in single-photon LiDAR for autonomous vehicles: Working
principles, challenges, and recent advances,” IEEE Signal Process. Mag.,
vol. 37, no. 4, pp. 62–71, Jul. 2020.

[3] A. M. Wallace et al., “Design and evaluation of multispectral LiDAR for
the recovery of arboreal parameters,” IEEE Trans. Geosci. Remote Sens.,
vol. 52, no. 8, pp. 4942–4954, Aug. 2014.

[4] H. Tan et al., “Deep learning based single-photon 3D imaging with multiple
returns,” in Proc. Int. Conf. 3D Vis., 2020, pp. 1196–1205.

[5] Z.-P. Li et al., “Super-resolution single-photon imaging at 8.2 kilometers,”
Opt. Exp., vol. 28, no. 3, pp. 4076–4087, 2020.

[6] A. McCarthy, R. J. Collins, N. J. Krichel, V. Fernández, A. M. Wallace,
and G. S. Buller, “Long-range time-of-flight scanning sensor based on
high-speed time-correlated single-photon counting,” Appl. Opt., vol. 48,
no. 32, pp. 6241–6251, 2009.

[7] Z.-P. Li et al., “Single-photon computational 3D imaging at 45 km,”
Photon. Res., vol. 8, no. 9, pp. 1532–1540, 2020.

[8] A. M. Pawlikowska, A. Halimi, R. A. Lamb, and G. S. Buller, “Single-
photon three-dimensional imaging at up to 10 kilometers range,” Opt. Exp.,
vol. 25, no. 10, pp. 11919–11931, 2017.

[9] Z. Li et al., “Multi-beam single-photon-counting three-dimensional imag-
ing LiDAR,” Opt. Exp., vol. 25, no. 9, pp. 10 189–10 195, 2017.

[10] A. Maccarone et al., “Underwater depth imaging using time-correlated
single-photon counting,” Opt. Exp., vol. 23, no. 26, pp. 33 911–33 926,
2015.

[11] A. Halimi, A. Maccarone, A. McCarthy, S. McLaughlin, and G. S. Buller,
“Object depth profile and reflectivity restoration from sparse single-photon
data acquired in underwater environments,” IEEE Trans. Comput. Imag.,
vol. 3, no. 3, pp. 472–484, Sep. 2017.

[12] R. Tobin, A. Halimi, A. McCarthy, M. Laurenzis, F. Christnacher, and G.
S. Buller, “Three-dimensional single-photon imaging through obscurants,”
Opt. Exp., vol. 27, no. 4, pp. 4590–4611, 2019.

[13] Y. Altmann, A. Maccarone, A. Halimi, A. McCarthy, G. Buller, and
S. McLaughlin, “Efficient range estimation and material quantification
from multispectral LiDAR waveforms,” in Proc. Sensor Signal Process.
Defence, 2016, pp. 1–5.

[14] A. Halimi, R. Tobin, A. McCarthy, J. Bioucas-Dias, S. McLaughlin,
and G. S. Buller, “Robust restoration of sparse multidimensional single-
photon LiDAR images,” IEEE Trans. Comput. Imag., vol. 6, pp. 138–152,
2020.

[15] A. Halimi, A. Maccarone, R. A. Lamb, G. S. Buller, and S. McLaughlin,
“Robust and guided Bayesian reconstruction of single-photon 3D lidar
data: Application to multispectral and underwater imaging,” IEEE Trans.
Comput. Imag., vol. 7, pp. 961–974, 2021.

[16] I. Gyongy et al., “High-speed 3D sensing via hybrid-mode imag-
ing and guided upsampling,” Optica, vol. 7, no. 10, pp. 1253–1260,
Oct. 2020.

[17] A. W. Bergman, D. B. Lindell, and G. Wetzstein, “Deep adaptive Li-
DAR: End-to-end optimization of sampling and depth completion at low
sampling rates,” in Proc. IEEE Int. Conf. Comput. Photography, 2020,
pp. 1–11.

[18] D. B. Phillips et al., “Adaptive foveated single-pixel imaging with dynamic
supersampling,” Sci. Adv., vol. 3, no. 4, 2017, Art. no. e1601782.

[19] R. Tobin et al., “Comparative study of sampling strategies for sparse
photon multispectral LiDAR imaging: Towards mosaic filter arrays,” J.
Opt., vol. 19, no. 9, 2017, Art. no. 094006.

[20] A. Halimi, P. Ciuciu, A. Mccarthy, S. Mclaughlin, and G. S. Buller, “Fast
adaptive scene sampling for single-photon 3D LiDAR images,” in Proc.
IEEE 8th Int. Workshop Comput. Adv. Multi-Sensor Adaptive Process.,
2019, pp. 196–200.



BELMEKKI et al.: FAST TASK-BASED ADAPTIVE SAMPLING FOR 3D SINGLE-PHOTON MULTISPECTRAL LIDAR DATA 187

[21] J. Tachella, Y. Altmann, M. Márquez, H. Arguello-Fuentes, J.-Y. Tourneret,
and S. McLaughlin, “Bayesian 3D reconstruction of subsampled multi-
spectral single-photon LiDAR signals,” IEEE Trans. Comput. Imag., vol. 6,
pp. 208–220, 2020.

[22] J. Rapp and V. K. Goyal, “A few photons among many: Unmixing signal
and noise for photon-efficient active imaging,” IEEE Trans. Comput.
Imag., vol. 3, no. 3, pp. 445–459, Sep. 2017.

[23] A. Halimi et al., “Restoration of intensity and depth images constructed
using sparse single-photon data,” in Proc. 24th Eur. Signal Process. Conf.,
2016, pp. 86–90.

[24] J. Rapp, Y. Ma, R. M. Dawson, and V. K. Goyal, “High-flux single-photon
LiDAR,” Optica, vol. 8, no. 1, pp. 30–39, 2021.

[25] Z. Tasneem, C. Adhivarahan, D. Wang, H. Xie, K. Dantu, and S. J. Koppal,
“Adaptive fovea for scanning depth sensors,” Int. J. Robot. Res., vol. 39,
no. 7, pp. 837–855, 2020.

[26] S. Li et al., “Spatially adaptive retina-like sampling method for imaging
LiDAR,” IEEE Photon. J., vol. 11, no. 3, Jun. 2019, Art. no. 6901216.

[27] F. Ma and S. Karaman, “Sparse-to-dense: Depth prediction from sparse
depth samples and a single image,” in Proc. IEEE Int. Conf. Robot.
Automat., 2018, pp. 4796–4803.

[28] F. Ma, G. V. Cavalheiro, and S. Karaman, “Self-supervised sparse-to-
dense: Self-supervised depth completion from lidar and monocular cam-
era,” in Proc. Int. Conf. Robot. Automat., 2019, pp. 3288–3295.

[29] Y. Xu, X. Zhu, J. Shi, G. Zhang, H. Bao, and H. Li, “Depth completion from
sparse LiDAR data with depth-normal constraints,” in Proc. IEEE/CVF Int.
Conf. Comput. Vis., 2019, pp. 2811–2820.

[30] E. Gofer, S. Praisler, and G. Gilboa, “Adaptive LiDAR sampling and
depth completion using ensemble variance,” IEEE Trans. Image Process.,
vol. 30, pp. 8900–8912, 2021.

[31] G. D. P. Godaliyadda, D. H. Ye, M. D. Uchic, M. A. Groeber, G. T. Buzzard,
and C. A. Bouman, “A framework for dynamic image sampling based on
supervised learning,” IEEE Trans. Comput. Imag., vol. 4, no. 1, pp. 1–16,
Mar. 2018.

[32] Y. Altmann, X. Ren, A. McCarthy, G. S. Buller, and S. McLaughlin,
“LiDAR waveform-based analysis of depth images constructed using
sparse single-photon data,” IEEE Trans. Image Process., vol. 25, no. 5,
pp. 1935–1946, May 2016.

[33] A. McCarthy et al., “Kilometer-range, high resolution depth imaging via
1560 nm wavelength single-photon detection,” Opt. Exp., vol. 21, no. 7,
pp. 8904–8915, 2013.

[34] G. M. Martín et al., “High-speed object detection using SPAD sensors,”
Proc. SPIE, vol. 11693, 2021, Art. no. 116930L.

[35] E. Wade, R. Tobin, A. McCarthy, and G. S. Buller, “Sub-pixel micro
scanning for improved spatial resolution using single-photon LiDAR,”
Proc. SPIE, vol. 11721, 2021, Art. no. 1172106.

[36] C. P. Robert and G. Casella, Monte Carlo Statistical Methods, vol. 2.
Springer, 1999.

[37] S. Hernandez-Marin, A. M. Wallace, and G. J. Gibson, “Bayesian analysis
of LiDAR signals with multiple returns,” IEEE Trans. Pattern Anal. Mach.
Intell., vol. 29, no. 12, pp. 2170–2180, Dec. 2007.

[38] J. Tachella, Y. Altmann, S. McLaughlin, and J.-Y. Tourneret, “On fast
object detection using single-photon LiDAR data,” Proc. SPIE, vol. 11138,
2019, Art. no. 111380T.

[39] Y. Altmann, X. Ren, A. McCarthy, G. S. Buller, and S. McLaughlin,
“Robust Bayesian target detection algorithm for depth imaging from
sparse single-photon data,” IEEE Trans. Comput. Imag., vol. 2, no. 4,
pp. 456–467, Dec. 2016.

[40] Y. Altmann et al., “Robust spectral unmixing of sparse multispectral
LiDAR waveforms using gamma Markov random fields,” IEEE Trans.
Comput. Imag., vol. 3, no. 4, pp. 658–670, Dec. 2017.

Mohamed Amir Alaa Belmekki (Student Member,
IEEE) received the Eng. degree in electronics and
the M.Sc. degree in signal and communications from
the National Polytechnic School of Algiers, Algeria,
in 2019. He is currently working toward the Ph.D.
degree as a teaching and Research Assistant with
the Institute of Sensors, Signals and System’s (ISSS)
of the School of Engineering and Physical Science
(EPS), Heriot-Watt University, Edinburgh, U.K. His
research interests include computational imaging and
statistical signal and image processing, with a partic-

ular interest in Bayesian inverse problems on single-photon applications such
as depth imaging and remote sensing (multispectral imaging).

Rachael Tobin received the B.Sc. (Hons.) and Ph.D.
degrees in physics from Heriot Watt University, Ed-
inburgh, U.K., in June 2015 and November 2019.
Her main research interests include single-photon
depth imaging in challenging conditions and remote
sensing. In 2019, she won the annual MacFarlane
Prize for Heriot-Watt University’s best Ph.D. thesis.
In 2021, Rachael was awarded a Royal Academy of
Engineering (RAEng) Research Fellowship to inves-
tigate single-photon imaging and sensing.

Gerald S. Buller received the B.Sc. (Hons.) degree
in natural philosophy from the University of Glas-
gow, Glasgow, U.K., in 1986, and the Ph.D. degree
in physics from Heriot-Watt University, Edinburgh,
U.K., in 1989. He is currently a Professor of physics
with Heriot-Watt University. In 2002, he co-founded
Helia Photonics Ltd., based in Livingston, U.K. From
2015 to 2021, he was an EPSRC Established Career
Fellowship in Quantum Technology to investigating
sparse photon imaging. His current research interests
include single-photon detection methods, particularly

at infrared wavelengths and applications involving the use of single photons.
These applications include single-photon depth imaging and novel quantum
communications protocols. He is a Fellow of the Royal Society of Edinburgh,
the U.K. Institute of Physics, and the Optical Society of America.

Stephen McLaughlin (Fellow, IEEE) received the
B.Sc. degree from the University of Glasgow, Glas-
gow, U.K., in 1981, and the Ph.D. degree from the
University of Edinburgh, Edinburgh, U.K., in 1990.
From 1981 to 1986, he was a Development Engi-
neer in industry. In 1986, he joined the Department
of Electronics and Electrical Engineering with the
University of Edinburgh and ultimately held a Chair
in Electronic Communication Systems. In October
2011, he joined Heriot-Watt University, as a Professor
of signal processing. Prof. McLaughlin is a Fellow of

the Royal Academy of Engineering, of the Royal Society of Edinburgh, of the
Institute of Engineering and Technology, of the IEEE and is a EURASIP Fellow.

Abderrahim Halimi (Senior Member, IEEE) re-
ceived the Eng. degree in electronics from the Na-
tional Polytechnic School of Algiers, Algeria, in
2009, and both the M.Sc. and Ph.D. degrees in signal
processing from the Institut National Polytechnique
de Toulouse, Toulouse, France, in 2010 and 2013,
respectively. He was a Postdoctoral Research Asso-
ciate from 2013 to 2018, and is currently an Assis-
tant Professor and Royal Academy of Engineering
(RAEng) Research Fellow within the School of En-
gineering and Physical Sciences (EPS) in Heriot-Watt

University, Edinburgh, U.K. His research interests include statistical signal and
image processing, with a particular interest in Bayesian inverse problems with
applications to single-photon depth imaging, remote sensing (hyperspectral
imaging, satellite altimetry) and medical imaging.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


