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Abstract— Global localization is essential in enabling robot
autonomy, and collaborative localization is key for multi-robot
systems, allowing for more efficient planning and execution
of tasks. In this paper, we address the task of collaborative
global localization under computational and communication
constraints. We propose a method which reduces the amount
of information exchanged and the computational cost. We also
analyze, implement and open-source seminal approaches, which
we believe to be a valuable contribution to the community. We
exploit techniques for distribution compression in near-linear
time, with error guarantees. We evaluate our approach and
the implemented baselines on multiple challenging scenarios,
simulated and real-world. Our approach can run online on
an onboard computer. We release an open-source C++/ROS2
implementation of our approach, as well as the baselines.'

I. INTRODUCTION

Globally localizing in a given map is essential for enabling
robot autonomy. Localization becomes extremely challeng-
ing when the environment is highly symmetric, featureless or
very dynamic. Human-oriented indoor environments such as
office buildings, contain high degree of geometric symmetry
due to repetitive structures. In addition, the readily-available
map representations such as floor plans are lacking in details,
resulting in seemingly identical structures. Relying solely on
geometric features may result in localization failure, leading
researchers to exploit additional sources of information.
RFID [19] and Wi-Fi signal strength [18] can be used to
improve pose estimation, as well as textual cues [37], [7].
Another venue is utilizing semantic information [1], [16],
[19], harnessing the significant progress in the fields of
semantic understanding. However, single-robot localization
can still fail, and recovering from a localization failure in the
single robot scenario mostly involves a human in the loop,
in particular when navigating with erroneous pose estimation
raises safety concerns. In contrast, in a multi-robot setup,
a poorly-localized robot can recover if assisted by a well-
localized robot.

In the last decade, multi-robot systems have become
more prevalent, introducing a new challenge of multi-robot
localization. As opposed to single-robot localization, where
a robot estimates its pose based on its own sensing, in a
collaborative setting a robot can make use of information it
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Fig. 1: Top: two robots during one experimental run when robot A
detects robot B. Bottom: localization of robot B in the same run
using 3 methods; prediction, color-coded for time, is plotted against
ground truth position (black). Two failures, using non-collaborative
Monte Carlo localizartion (MCL) [8] and Prorok et al. [26], and a
successful convergence after 20 s with our collaborative localization
approach (Compress++).

receives from other agents. A recurring pattern in the related
research is using the state estimation of one robot to improve
the localization of another robot upon detection [2], [11],
[26]. This information exchange involves broadcasting the
belief of the robots, a distribution that is often approximated
by a particle filter in the case of global localization. When
the area the robots operate in is large, the particle set
representing the belief can easily reach tens of thousands
of particles. The naive approach of simply broadcasting all
of the particles and then integrating them into another robot’s
belief [26], is computationally costly and has high bandwidth
consumption. Therefore, a compressed representation of the
belief is imperative and has been proposed in the past [26]. In
this paper, we analyse the computational complexity related
to compressing, exchanging, and fusing robots’ beliefs for
collaborative localization.

The main contribution of this paper is a novel approach to
collaborative global localization (Fig. 1) which reduces the
amount of data communicated and the computational cost.
Additionally, we provide a unified overview and thorough
analysis of alternative approaches to compress belief ex-
change. Furthermore, we release an open-source C++/ROS2
implementation for seminal works, as baselines for collabora-
tive localization. While the methods are capable of operating
in larger multi-robot scenarios, our experiments focus on the
case of two collaborating robots, where we show that our ap-
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proach (i) improves collaborative localization, (ii) decreases
the required bandwidth, (iii) reduces the computational load,
(iv) runs online on an onboard computer.

The paper is organized as follows. Sec. II provides a
summary of related research in collaborative localization.
In Sec. III, we present our novel approach for collaborative
global localization with distribution compression, as well as
overview of alternative approaches. We analyze the complex-
ity of distribution compression, communication and fusion in
Sec. IV. We introduce our experimental setup in Sec. V. In
Sec. VI, we evaluate the performance of our approach against
several baselines, and offer insights regarding their different
behaviors.

II. RELATED WORK

Map-based localization is an integral part of enabling the
autonomy of mobile robots [5], [33]. Global localization for
a single robot is widely-researched, and probabilistic meth-
ods [8], [12], [33] have gained popularity due to their robust-
ness. The growing interest in multi-robot systems, presented
a new challenge of collaborative multi-robot localization.
While the term multi-robot localization sometimes refers
to relative positioning [17], [20], we focus on cooperative
global localization in a given map [11].

Multi-centralized approaches [22], [23], [30], where each
robot maintains the belief for all robots, generally do not
scale well with the number of robots. In decentralize ap-
proaches, each robot estimates only its own state and inte-
grates relative observations from other robots when available.

Similarly to the single robot case [1], [16], [19], [35],
[36], leveraging semantic scene understanding [6], [15], [32],
[4] was adopted for multi-robot localization. A common
approach to collaborative localization relies on robot de-
tection, where one robot can sense another robot. Fox et
al. [11] propose a factorial representation where each robot
maintains its own belief, and the belief of different robots are
assumed to be independent from each other. When one robot
detects another, the detection model is used to synchronize
their beliefs. However, no analysis is provided about the
processing requirements and the experiments only cover one
scenario. Barea et al. [2], propose a system for collaborative
localization based on Monte-Carlo localization [8] frame-
work, but do not include an explicit detection model.

Wau et al. [34] present an improvement to Fox et al. [11],
where they consider whether the belief should be updated
upon detection, by comparing the entropy of both robots’
beliefs. They too, do not provide information about the
computational and bandwidth requirement for the informa-
tion exchange. Ozkucur et al. [25] introduce an approach to
collaborative localization where robots can be detected but
not identified, but no details are given about the complexity
of the approach. Prorok et al. [27] first detail a naive
approach of synchronizing the beliefs of two robots, each
with N particles, with O(N?) complexity. In their later
work [26], they provide a clustering algorithm to reduce
the complexity to O(NK), where K is the user-defined
number of clusters. In both works by Prorok et al. [26],

[27], the experimental setup does not include exteroceptive
sensing and the utilization of a map, while we explore
the contribution of belief exchange in the framework of
a range-based Monte Carlo localization (MCL). With the
exception of Prorok’s works, the constrains imposed by
limited compute and bandwidth are largely unaddressed.
Furthermore, the cited works present limited results for their
individual approach, without comparing them against other
baselines. In our work, we provide thorough analysis for the
computational and communication requirements of seminal
works [11], [26], as well as present resource-aware alterna-
tive detection models. We benchmark the various approaches
on several environments, and offer insights regarding their
performance.

III. APPROACH

We aim to globally localize a team of robots in a given
map. In Sec. III-A, we give a brief overview of Monte Carlo
localization [8]. We describe in Sec. III-B a common ap-
proach to distributed multi-robot localization, where beliefs
are exchanged when robots detect each other, including the
concept of reciprocal sampling. In Sec. III-C, we introduce
our novel approach and, in Sec. III-D, we give an overview
of alternative methods.

A. Monte Carlo Localization

Monte Carlo localization [8] is a recursive Bayesian filter
that estimates a robot’s state x; at discrete time ¢ € N,
given map m, odometry readings u;, and sensor readings z;.
We define the robot’s state & = (x,y,6) as an horizontal
position (x,y) € R? and orientation § € [0, 27); the map m
is an occupancy grid map [21]; and the sensor measurement
z € R has K beams. A particle filter represents the robot’s
belief p(x¢|ui.t, z1..,m) as a set X; = {s;,,i =1,...,N}
where each particle s;; = (x4, wy;) assigns weight w, ; to
a sample state x ;.

The proposal distribution p(x¢|x:—1,u:) is sampled when
odometry u; is available, using a motion model that consid-
ers the robot’ kinematics and odometry noise 0oqom. FOr
each observation, the particle filter is updated based on the
sensor model, where weight is assigned to each particle
according to the likelihood of the observation given its state,
ie., wy; = p(z¢|@;, m). As observation model p(z|x, m),
we use a beam-end model [33] with standard deviation ogps.
We perform the update only when the robot moves at least
for a trigger distance (J4y,d9) to avoid repeated integration
of the same observation. In the resampling step, particles
are selected based on their assigned weight: we resample a
particle set of size N using low-variance resampling [33]
with an efficiency coefficient N/2.

B. Collaborative Monte Carlo Localization

Collaborative Monte Carlo localization extends the single
robot MCL (Sec. III-A) by incorporating information from
other robots into a robot’s belief. Each robot locally runs an
independent MCL that integrates its own sensor and odom-
etry readings. As illustrated in Fig. 1, when robot A detects
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Fig. 2: (a) An illustration of an experimental run up to the first
detection event. (b) A run where robot B is has no particles
around its truth position at the time of detection (left), followed
by reciprocal sampling (center) and successful localization (right).

robot B at time ¢, it estimates the relative position d{‘B € R?
of B and then sends message M = M (df‘B,XtA) to B
which carries (possibly compressed) information about its
state X! and detection d{*; B, upon receiving the message,
updates the weights of its particles [11], fusing information:

wB wl 1P (w“‘M (dAB XA)) (D

A straightforward but naive way of implementing the
right-most factor in Eq. (1) is to include the entire particle
set X/ in the message M = (d{*, z{'). Then

N
AB A A AB A
p(wfi|dt BaXt )= Zwt,jp(xfi|dt Bawt,j)a 2
i=1
where p(xZ|d4P, x4) is the detection model, which we

model as a normal distribution with variance X (detection
noise) around a position corresponding to d4%

P (QSB‘CZAB,CL'A) _ N ((.’L‘,y)B

where T'(-; ) transforms a relative position with respect to
pose x“ to an absolute position; please note that detections
have no information about orientation. This naive implemen-
tation has quadratic time-complexity (see Section IV), which
is problematic when resources are limited. For this reason, in
Sec. III-C, we compress the belief of A in M, summarizing
it with fewer representative points.

T(d*?;z),%), @)

1) Reciprocal Sampling: To accelerate convergence, Pro-
rok et al. [26], during the particle filter resampling step,
propose sampling from the detection distribution (i.e., the
right-most factor in Eq. (1)) with probability a > 0. In
essence, particles in the detected robot’s filter are replaced
with particles suggested by the detecting robot, based on
its belief and the estimated relative position. The reciprocal
sampling procedure is illustrated in Fig. 2b.

C. Distribution Compression

We present our approach for near-linear time distribution
compression, based on Compress++ [31]. This compression
method performs better than standard thinning algorithms,
such as independent and identically distributed (i.i.d.) sam-
pling, which are not concise and have a large integration
error [10]. An important measure is the maximum mean
discrepancy (MMD) [13], which measures distance between
two distribution or sample sets, as a difference between mean
embedding of features. The MMD between two sample sets
X7 and X5 is defined as

MMD (X1, Xo) = [[Ex, [K(X1)] - Ex, [K(Xo)][[n, (4)

where k(-) is the reproducing kernel, such that K(X) =
(k(zi,2;));; is a symmetric positive semi-definite matrix
over all input points z; € X. Kernel thinning (KT) al-
gorithms [9], [10] use a better than i.i.d., non-uniform
randomness to thin a sample set. KT algorithms recursively
partition the input into balanced coresets, by ensuring each
pair of coresets minimizes the MMD. In the initial step,
there are two empty coresets, and two samples, = and z’,
from the original sample set are chosen at random. The
assignment of each of the samples to a coreset is designed to
minimize MMD(X; U {z}, XoU {2'}). This step is repeated
until all samples from the original set are assigned to one
of the two coresets. This yields a near-optimal thinning
procedure, which compresses a set of points while providing
error guarantees. However, it suffers from quadratic or super-
quadratic runtime. Shetty et al. [31] introduce Compress++,
a meta-procedure for speeding up thinning algorithms while
suffering at most a factor of 4 in error. This root-thinning
algorithm returns a subset of v/N samples, with time com-
plexity of O(N log® N).
In our formulation, we first compute a set

XA ={T(d*P;2%)|(z?, ) € XY R (5)

of position samples for B from the particles set X (after
resampling, i.e., when particles have uniform weights) and
then compress it using Compress++ to X% < XAP: this
representative subset is then used in Eq. (2) and Eq. (3)
instead of the whole set. We adopt the idea of reciprocal
sampling for our distribution compression, by first sampling
uniformly from X/*Z and then sampling a pose using Eq. (3):

N'\’Z/{(XtAB)’ (a:,y),i NN(:U'7Z)7 951 NU([O,QW)).
D. Baselines

As part of our contribution, we implement several base-
lines, including seminal works [11], [26] in collaborative
localization. We provide an overview of these approaches,
using common notations for clarity.

1) Density Estimation Tree: Fox et al. [11] propose to
use density estimation trees (DET) [24], [28] to transform
the sample set into a piece-wise constant density function.
First, DET® is constructed from X/A? and shared with B,
who then updates its belief by querying it:

p (2 |M (a18, X)) = DET*P((z,9)7).  (6)
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While DET was suggested as a remedy for the nontrivial
issues of establishing correspondence between two sample
sets (X and X/AP) without an explicit detection model, it
can be used to compress the distribution by limiting the size
T of the tree. For this method, we do not perform reciprocal
sampling because the implementation detailed in the paper
does not include it.

2) Divide-and-Conquer Clustering: Prorok et al. [26]
propose a non-iterative, order-independent, non-parametric
clustering inspired by multidimensional binary trees [3].
The particles of A are clustered into K cluster abstractions,
wh1ch include the centroid ct > weight wk , detection mean
uk and detection variance ZA The belief is updated as

P (acfi}M (@22, X 1) ) Zu

where T~! transforms absolute to relative positions, the
multivariate normal distribution is represented in relative
polar coordinates, and X captures the detection noise.

3) K-means Clustering: K-means clustering [14] is a
commonly-used, low-cost iterative clustering method. It is
mentioned by Prorok et al. [26] in the context of collaborative
localization, where the authors dismiss it as too sensitive to
the initial cluster assignment, but no comparison is reported.
We introduce a belief compression based on K-means clus-
tering: we compute K clusters of X;*# with centroids ¢;;;
for each cluster, we compute its intra-cluster variance ZA
and total weight wk, . The belief is then updated as

K
)= win
k=1

(z y)mvcm) pis S+ %),

p (=5 |M (P, X)) (CRNFATANS YD)

@)

By clustering X;/*Z instead of X“, we reduce the amount of
information to broadcast compared to the approach suggested
by Prorok et al. [26]. For the reciprocal sampling strategy, we
sample from the mixture of normal distributions of Eq. (7).

4) Standard Thinning: The most common approach to
reduce the number of samples is i.i.d. sampling, where K
samples are randomly picked from a set of size V. This can
be used to reduce X“Z, share it and then apply Eq. (2). In
our implementation, we also include a reciprocal sampling
step similar to the one preformed for our Compress++
approach.

IV. COMPLEXITY ANALYSIS

The complexity of all approaches is presented in Tab. I. We
discuss the complexity of 3 components: compression, com-
munication, and fusion. These time and space complexities
become significant in systems with many robots or when the
computational and communication resources are constrained.

A. Compression

The naive implementation for belief exchange requires
just O(N) complexity for compression, but results in high
communication cost and computational cost during fusion.

TABLE I: Algorithm Complexity. N is the number of particles. K
is the number of clusters for Prorok et al. and K-means, and the
number of points selected by standard thinning.

Method Naive  Std. Thinning Fox et al. Prorok etal.  K-means  Compress++
Compression O(N) O(K) O(HDNlogN)  O(NK)  O(NKL) O(N 10;; N)
Communication ~ O(N) O(K) O(N) O(K) O(K)

Fusion O(N?) O(NK) O(Nlog N) O(NK) O(NK) O(N \F N)

The construction of a DET involves leave-one-out cross-
validation, resulting in a O(HDN log N) complexity for
N data samples with D features and H tries. For the non-
iterative clustering method suggested by Prorok et al. [26],
the complexity for K clusters is O(NK). The complexity
of K-means clustering is O(NK L), where L in the number
of iterations. Even though K-means clustering is an iterative
approach, for L = 5 this compression strategy is comparable
to Prorok et al.’s approach, and in practice runs faster (see
Sec. VI-C). The complexity of the standard thinning algo-
rithm is O(K), where K is the size of the reduced sample
set. To compress a state with N particles, our Compress++
approach has a time complexity of O(N log® N).

B. Communication

When multiple robots communicate on the same network,
the total bandwidth required needs to be considered. The
naive approach communicates the robot’s belief by broad-
casting all particle in the filter, which takes O(N) space.
To reduce the amount of information we broadcast, it is
necessary to compress the belief. When the belief is repre-
sented as a DET ([11]), the information sent is in the order
of O(N), with constant coefficient that represents the space
required for the bookkeeping of a single tree node. When
the size of the tree is limited to 7" nodes, the cost is reduced
to O(T). Both Prorok et al’s and K-means clustering use
cluster representatives to summarize the belief, resulting in
O(K) space for K clusters. Similarly, for standard thinning,
we only broadcast the reduced set of K particles. Using our
Compress++ approach, the coreset representation reduces the
communication cost to O(v/N) (K = /N in this case).

C. Fusion

Following Eq. (2), the complexity of updating the belief is
O(N?) for the naive implementation. Fox et al. [11] requires
O(Nlog N), since it involves querying a tree. The update
step, combined with the reciprocal sampling, detailed by
Prorok et al. [27] requires O(NK) time; the same for K-
means and std. thinning. Our Compress++ approach has also
a O(N+/N) complexity when updating the belief (K = v N
in this case).

V. EXPERIMENTAL SETUP

We restrict the study to the case of two robots, although all
presented methods generalize to larger multi-robot systems.
In our experiments, robot B is delocalized at the time when
it is first detected by robot A; we explore the contribution
of information exchange to the localization performance of
robot B.
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“1 Front-facing

Fig. 3: The robotic platform used in the evaluation.

A. Robots

The platform we use in the evaluation is the DJI Robo-
Master EP, a commercially available ground robot, with
omnidirectional drive, and a size of 32 cm X 24 cm X 27 cm.
Depicted in Fig. 3, the robot has a front-facing CMOS
HD camera with a 102° horizontal FoV and a YDLIDAR
Tmini Pro 2D LiDAR with a range of 12m, 360° FoV,
and resolution of 0.54° at 6 Hz. The onboard robot firmware
includes an ML model for detecting other RoboMasters in
the camera stream. The detector runs at about 5Hz and
returns a list of bounding boxes in image space, from which,
using calibrated homography, we reconstruct the relative
horizontal position of detected robots d4Z = (r,#), with
a zero-mean gaussian error (o, = 0.05r, 09 =~ 0.03 rad) that
depends on the range r. The robots carry a Single Computer
Board (Khadas VIM4) that runs ROS2 drivers for the robot
platform? and LiDAR.

The same platform is available in simulation® (Cop-
peliaSim [29]), where we replicate the same sensing error
model and run the same ROS2 driver.

B. Environments

In simulation, we design three different environ-
ments (Fig. 4), with a varying degree of geometric symmetry
and feature richness. Environment 1 is specifically designed
to be feature-sparse, with multiple areas that challenge the
limited range (12 m) of our LiDAR. Environment 2 is mod-
eled after a floor of our building. Environment 3 is designed
to have a large degree of symmetry. Environments 1 and 2
have a free area of 500m? where experiments are executed
with 10000 particles. Environment 3 is smaller, with a free
area of 140m? where experiments are executed with 2000
particles. To conduct real-world evaluation, we reconstruct
the layout of the left room in environment 3 in our lab,
which features a motion tracker system to collect ground
truth information.

C. Scenario

We focus our experimental scenario on the impact of
collaborative localization, therefore we make sure that each
experimental run includes multiple detection events. We ran-
domly choose start and goal poses of robot A and compute
a shortest-path trajectory to follow. We then choose the start

2https://github.com/jequzzi/robomaster_ros
3https://github.com/jeguzzi/robomaster_sim

1

HERE

(a) Envl (b) Env2 (c) Env3

Fig. 4: Environments have varying degree of geometric symmetry
and feature richness. The area highlighted in red was reconstructed
in our lab for real-world evaluation. The three maps are to scale;
the LiDAR range, 12 m, is marked in blue.

pose for robot B such that it would be seen by robot A at
some point along its trajectory, and a random goal pose. In
this scenario, robot B is delocalized at the time of the first
detection by robot A, as illustrated in Fig. 2a.

D. Metrics

Three metrics were considered for the evaluation - the suc-
cess rate, absolute trajectory error (ATE) after convergence
and convergence time. We define convergence as the time
when the estimate pose is within 0.3m radius (i.e., about
twice the robot’s size) of the ground truth pose, and the
orientation is within 0.3 rad. After convergence, the tracked
pose must not diverge for an accumulated 5% of the remain-
ing sequence. A localization run is successful if convergence
is achieved in the first 90% of the sequence time and the
tracked pose does not diverge. Each sequence is evaluated
multiple times to account for the inherent stochasticity of the
MCL framework.

E. Procedure and parameters

We first record odometry, LiDAR scans, detections and
ground truth poses for each robots during all experimental
runs. In total, we recorded 19 runs for the 3 environments
in simulation and 17 runs for Env3 in real-world. Then, we
evaluate each method presented in Sec. III on the same runs,
using the parameters reported in Tab. II for the common
MCL part. Overall, 112 evaluations were run for each of the
7 methods.

TABLE II: Common MCL parameters

Tmax @ (;Ty dg

120m 0.06 0.05m 0.05rad

Oobs

0.5m

Oodom

(0.05,0.05,0.05)

The Compress++ algorithm reduces the sample set first
to the closest power of 4, and then perform root-thinning,
which resulted in 64 representative samples from a set of
10000 particles, and 32 representative samples for a sample
set of 2000 particles. For Fox at al.’s approach, we ensured
that we have no more than 20 leaves in the DET. Prorok et
al. [27] explored different cluster numbers, between 1 and
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Fig. 5: The success rate of all methods for each of the environments
for robot B.

TABLE III: Baseline comparison of global localization performance
for robot B. We report success rate, convergence time in seconds
(top) and ATE in [rad/m] format (bottom). ATE is not reported
when all runs resulted in failure.

Method Envl Env2 Env3 (sim) Env3 (real) Average

MCL 17.8% (11.2) 16.7% (7.8) 0.0% (-) 0.0% (-) 11.6% (6.6)
Std. Thinning ~ 51.1% (32.4) 90.0% (24.5) 100.0% (45.6)  70.6% (43.8)  73.2% (34.4)
Naive 51.1% (29.7) 90.0% (24.6) 90.0% (53.1) 76.5% (38.2)  72.3% (33.8)
Fox et al. 46.7% (34.8) 76.7% (17.4) 10.0% (91.1) 5.9% (39.5) 42.0% (40.9)
Prorok et al. 40.0% (43.3) 93.3% (18.3) 95.0% (41.0) 17.6% (27.5)  60.7% (33.8)
K-means 33.3% (51.9) 70.0% (16.5) 0.0% (-) 5.9% (39.9) 33.0% (31.3)
Compress++ 60.0% (342) 100.0% (23.1) 100.0% (47.9) 88.2% (41.2) 82.1% (34.7)
MCL 0.032/0.198 0.005/0.175 -/- -/- 0.014/0.127
Std. Thinning  0.026/0.199 0.022/0.103 0.031/0.062 0.062/0.153 0.031/0.142
Naive 0.026/0.201 0.021/0.106 0.023/0.071 0.060/0.186 0.029/0.150
Fox et al. 0.029/0.217 0.045/0.142 0.048/0.185 0.181/0.117 0.060/0.176
Prorok et al. 0.034/0.199 0.036/0.121 0.068/0.099 0.090/0.114 0.049/0.147
K-means 0.030/0.193 0.033/0.163 -/- 0.156/0.171 0.045/0.147
Compress++ 0.024/0.214 0.018/0.108 0.026/0.062 0.060/0.154 0.028/0.149

32, and reported no significant change in performance for
any K > 1. Therefore, for both Prorok et al.’s and the K-
means approaches, we set K = 8. The reciprocal sampling
ratio was set to a = 0.06, as suggested by Prorok et al. [27].

VI. EXPERIMENTAL EVALUATION

We conducted a thorough evaluation of the different ap-
proaches to cooperative localization. We present experimen-
tal results that support the claims that our proposed approach
(1) improves collaborative localization, (ii) decreases the
required bandwidth, (iii) reduces the computational load, (iv)
runs online on an onboard computer.

A. Collaborative localization

We compare our approach against the different baselines.
We focus on the impact of belief exchange between the
somewhat-localized robot A and the delocalized robot B,
on the localization performance of robot B, for the different
approaches.

As can be seen from Fig. 5 and Tab. III, the results
highlight the importance of reciprocal sampling. The seminal
work by Fox et al. [11] does not include a reciprocal
sampling step and performs poorly in many sequences. To
support this claim, we evaluated the performance of the naive
implementation with no reciprocal sampling, which result in
a dramatic drop of performance, with success rates of (20%,
10%, 40%) in the 3 simulated environments respectively.
As illustrate in Fig. 2b, reciprocal sampling is particularly
crucial when robot B is delocalized and few-to-none particles

are present around its true location, as reweighting particles
in Eq. (1) has minimal impact: it can only encourage particles
that are in the vicinity of the detection position, but not
propose new hypotheses to robot B. In contrast, reciprocal
sampling allows robot A to enrich robot B’s particle filter
with new samples.

Another interesting insight comes from the difference in
performance in different environments. Due to the sparsity
of Envl, robot A’s localization is less accurate prior to the
detection event. For the real-world environment, localization
is challenging due to discrepancies between the map and
the constructed maze. Additionally, the LiDAR is partially
occluded by the arm, reducing the FoV to 300°. For these
reasons, the localization for robot B is challenging even after
integrating A’s belief, as indicated by the higher ATE across
all methods (Tab. III) in these two environments. Methods
that perform well on the second and third (simulated) envi-
ronment, like standard thinning and the approach of Prorok
et al., suffer a significant loss in performance in the first
environment, as well as in the real-world experiments. Our
approach, Compress++, remains a top-performer in all 3
environments, including in the real-world, supporting our
first claim. We provide a demonstration of our approach in
a real environment in the attached video.

In Fig. 6, we visualize convergence as a function of time,
where all sequences are synchronized such that ¢ = 0 when
the first detection message is received by robot B. For every
time step, we report for what fraction of the runs the current
pose estimation is below the convergence threshold. While
in Fig. 5 and Tab. III success requires that pose estimation
remains within a convergence threshold from the moment
of convergence, in Fig. 6, we only consider whether a pose
estimation is close enough to the ground truth at a given
time. Therefore, Fig. 6 differs from results about success,
yet shows a similar ranking between the methods, with
Compress++ converging with the highest reliability. We note
that while Prorok et al.’s approach converges well in the
long run, it suffers particularly from instability as it tends to
converge fast and then diverge, as seen in the drop around
t = bs and t = 60s in Env3 (real). Similar differences
between convergence and success rate can be seen for all
methods but to a lesser degree.

B. Bandwidth requirements

We go through the implementation of all methods to
compute how much bandwidth they require. For the naive
approach, where the entire distribution is exchanged, the size
of a message is 12N = 120 kB as each particle is represented
by 3 floating point numbers, assuming 4-byte representation
for floats. For the K-means approach, we require 6 floating
point numbers to encode each cluster, i.e., a message size
of 24K = 192 bytes for K = 8 clusters. For Prorok et al.’s
approach, we need 8 floating point numbers to describe each
cluster abstraction, giving a message of 256 bytes. For Fox et
al.’s, the whole DET is sent; since each node requires some
bookkeeping (50 bytes per node, a conservative estimation),
it requires 507" = 1 kB for the entire tree when 7" = 20.
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Fig. 6: The fraction of runs whose current pose estimation of robot
B is below convergence threshold. The time ¢ = 0 is synchronized
by the arrival of the first detection message from robot A.

For standard thinning, we require 3K = 192 bytes for
K = 64 sampled particles. For Compress++, representative
points have equal weight and are represented by 2 floats;
as it first reduces the set to the nearest power of 4, and
then takes the root, it requires 512 bytes for 10000 particles
and 256 bytes for 2000 particles. Therefore our approach
drastically reduces the bandwidth requirement compared to
the naive approach (second claim), achieving a comparable
compression rate as the other methods but maintaining a
larger localization performance.

C. Runtime cost

As discussed in Sec. IV, our approach reduces the overall
time-complexity compared to the naive approach: on one
side, it increases the time-complexity of compression for
robot A by factor log® N, on the other side, it decreases
the larger time-complexity for robot B by a more significant
factor /N, supporting our third claim.

The runtime cost for all collaborative localization ap-
proaches is presented in Tab. IV. We benchmarked the

approaches using 10000 particles. Since the output of Com-
press++ is 64 representative points, we select a comparable
K = 64 for Prorok et al., std. thinning, and K-means, and
constrain the DET construction to result in about 64 nodes.
As expected, the naive approach requires the longest time to
perform the belief fusion.

TABLE IV: Runtime cost in milliseconds for one update step of
filters with 10000 particles.

HW Method Std. Thinning ~ Naive  Fox etal.  Prorok et al. ~ K-means  Compress++

Laptop ~ Compression (A) 0.1 0.1 54 20.8 1.6 322
Fusion (B) 26 286.1 04 1.0 L5 25

Khadas ~ Compression (A) 0.2 0.3 10.9 51 8.8 85
Fusion (B) 9.9 1191.7 0.6 4.0 59 9.9

We evaluated the performance on two platform, a laptop
with Intel Core i9 processors (16 cores), and Khadas VIM4
board with ARM Cortex processors (8 cores). Even though
K-means clustering has a slightly higher theoretical com-
plexity, for L = 5 this compression strategy is comparable
to approach of Prorok et al., and in practice runs 12 times
faster on the laptop and 5.8 times faster on the embedded
platform. We attribute this performance gap to the fact
that K-means is much easier to parallelize. While all other
methods are implemented in C++ and are optimized for
multi-core execution, our method utilizes an open-source
Python implementation of Compress++.* Nonetheless, its
runtime for compression is on-par with the approach of
Prorok et al. and takes less than 10ms to integrate the
belief, supporting our fourth claim that it can run in real-
time onboard. Additionally, the attached video shows how
our localization method runs online, onboard of the robots.

D. Clustering
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Fig. 7: The behavior of different distribution compression methods
on different data points formations.

We explore an artificial yet interesting case of compression
in the presence of symmetry, as would occur when a robot is
not yet localized but maintains several hypothesis, e.g., due
to geometric symmetry of the environment. We generated
20 points each from 4 evenly spaced regions in a diamond
formation (Fig. 7a) and another 20 points from a region at the
center (Fig. 7b). We then apply different methods to extracts
8 representative points.

“https://github.com/microsoft/goodpoints/tree/
main
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This test case reveals a weakness of the divide-and-
conquer clustering algorithm proposed by Prorok et al. [26]:
as shown in Fig. 7b, the algorithm struggles to divide the
particle set into well-defined clusters, likely due to the
division strategy, which separates clusters along the axis
of highest variance. The algorithm also fails when an even
number of clusters are places along a circle with an additional
one in the middle.

K-means clustering also fails to perfectly segment the clus-
ters on this type of points distribution. The standard thinning
approach, i.e., sampling 8 points at random, is naturally less
expressive than other density estimation approaches, yet, in
this case, it represents 4 out of the 5 clusters. Compress++
succeeds to extract samples from each cluster.

VII. CONCLUSION

In this paper, we presented a novel approach to resource-
aware collaborative global localization. We also provided
a detailed overview of different distribution compression
approaches, as well as a C++/ROS2 implementation. Ad-
ditionally, we conducted a thorough complexity analysis and
bench-marking for the various methods, which we also open-
source for the benefit of the community. In the future, we
would like to extend the experiments to larger groups of
robots, as well as to expand the real-world experimental setup
beyond a single room.
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