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Abstract—This paper addresses the challenge of acoustic
scene mapping (ASM) in complex indoor environments with
multiple sound sources. Unlike existing methods that rely
on prior data association or SLAM frameworks, we propose
a novel particle filter-based iterative framework, termed I-
ASM, for ASM using a mobile robot equipped with a mi-
crophone array and LiDAR. I-ASM harnesses an innovative
“implicit association” to align sound sources with Direction
of Arrival (DoA) observations without requiring explicit pair-
ing, thereby streamlining the mapping process. Given inputs
including an occupancy map, DoA estimates from various
robot positions, and corresponding robot pose data, I-ASM
performs multi-source mapping through an iterative cycle
of “Filtering-Clustering-Implicit Associating”. The proposed
framework has been tested in real-world scenarios with up
to 10 concurrent sound sources, demonstrating its robustness
against missing and false DoA estimates while achieving high-
quality ASM results. To benefit the community, we open-
source all the codes and data at https://github.com/
AISLAB-sustech/Acoustic-Scene-Mapping

I. INTRODUCTION

Acoustic scene mapping (ASM) aims at mapping spatial
positions of sound sources in the environment [1], and is
essential for many robot audition applications [2]-[3]. In
microphone array-based robot audition systems [4]-[7], the
compact spacing between microphones typically only allows
for direction of arrival (DoA) estimation when performing
sound source localization (SSL) tasks, lacking the distance
information [8]-[9]. Hence, ASM using mobile robots is chal-
lenging, especially when there are multiple sound sources.

Prior research can be categorized into three branches. The
first category is based on the auditory evidence grid [10],
where the environment is divided into uniform grids, and
DoA estimates are converted into likelihood representations,
using Bayesian updates to create a probability distribution
map of sound sources in the environment. Improved methods
in [11]-[13] employ acoustic ray casting to create a proba-
bilistic sound map of geometric structures in the environment
but are limited by the requirement that all sound sources must
be laser-detected. The second category adopts simultaneous
localization and mapping (SLAM) frameworks [1], [14]-
[15] to jointly estimate the location of sound sources and
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Final Mapping Results

(b)
Fig. 1: (a) Experimental scene with 10 sound sources and
(b) corresponding map result at 0.05m/pixel resolution

the robot. However, the multipath effects and reverberation
inherent in sound signals could lead to notable inaccuracies
when used alone for SLAM. The third category hinges on
data association [16]-[17], which transforms the complex
multi-source mapping problem into multiple single-source
mapping problems by associating observations to the cor-
responding source, rendering triangulation methods viable.
However, in real-world applications, data association suffers
from challenges such as missing detections, false alarms, the
indeterminate number of sources, etc [18].

In this paper, we introduce a novel particle filter-based
iterative ASM framework (I-ASM) for complex indoor sce-
narios with multiple sound sources. As shown in Fig. 1, I-
ASM effectively maps a scene with closely spaced sources
by integrating an occupancy map, DoA estimates, and cor-
responding robot poses. Different from conventional multi-
target tracking methods that require explicit data association
(necessitating the cumbersome prior matching of new ob-
servations to existing tracks), -ASM employs an iterative
“Filtering-Clustering-Implicit Associating” strategy to asso-
ciate DoA observations to the estimated sound source loca-
tions automatically during the mapping process, enhancing
mapping efficiency.

Our contributions include: 1) The development of a novel
particle filter-based ASM framework tailored for scenarios
with multiple sound sources; 2) The introduction of “implicit
associating” for streamlined, automated matching of DoA
measurements to sound sources; 3) The enhancement of
robustness against inaccuracies in DoA estimates. [-ASM
is applicable to any mobile robot with a microphone array
and LiDAR, and its effectiveness has been validated through
practical experiments. Recent works can deal with only a few
(usually between 1-3) sound sources [19]-[21], while in our
experiment, [-ASM is able to handle more complex scenarios
with 10 concurrent sources and maintain desirable accuracy.
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II. PRELIMINARIES

III. THE PROPOSED FRAMEWORK

We consider a two-dimensional indoor scenario with H  A. System Overview

static sound sources and a mobile robot. The robot is
equipped with a microphone array and a LiDAR, navigating
within the environment. As shown in Fig. 2, the world co-
ordinate system {W} = (xw, yw ) and the robot coordinate
system {R} = (zg,yr) are defined, with {R} centered
at the microphone array’s centroid and its xr axis aligned
with the robot’s linear velocity. Time is discretized into steps
k = 0,1,2,...,K. At time step k, the robot’s pose is
represented by its 2D Cartesian position and yaw angle with
respect to (w.r.t.) {W}:

Tk = [Trks Yr ko Or k) (1)

The set of sound source positions is denoted by:

82{31752353a"' 7SH}7 (2)
with each position
Sh = ($57h7ys,h) h= 1a27"' 7H~ (3)

As to be introduced in Section IV, the DoA estimates given
by the SSL algorithm are prioritized based on peak angu-
lar spectrum intensities, typically corresponding to stronger
sound source signals. Since the actual number of sound
sources H is unknown, we only consider the first N DoA
estimates (azimuth only), denoted as:

sz: [(b{%,ka(ﬁg,kv”' 7¢ﬁ,k]' (4)

These DoA estimates are transformed into the world coordi-
nate system to avoid discontinuities in subsequent processes:

2 = (8 05 Nk (5)

where
=08k, +0,1) € [-m, 7. n=1,2,---,N. (6)

Note that z}" at each time step results in potential in-
complete observations due to the above selection strategy.
Nonetheless, our proposed algorithm demonstrates robust-
ness against such missing detections, which will be elabo-
rated in Section III and IV.
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Fig. 2: Schematic diagram of coordinate systems

Our proposed I-ASM framework, as shown in Fig. 3,
begins with the robot using SLAM to create a 2-D occupancy
grid map for self-localization. The robot then explores the
environment, capturing audio data at an observation point
at time step k. The SSL algorithm generates N azimuth
estimates, which are recorded in the k-th row of the DoA
Estimates Table ®, ie., &, = zZV. Simultaneously, the
estimated robot pose is logged in the k-th row of the Pose
Estimates Table €2, i.e., 2 = r. The above process will be
repeated as the robot moves to the next observation point.

During data collection, the I-ASM algorithm uses the
occupancy map, €2, and & as inputs. To avoid prior data asso-
ciation, I-ASM sequentially estimates sound sources through
an iterative “Filtering-Clustering-Implicit Associating” cycle.
Firstly, the particle filtering step narrows down likely source
locations, followed by DBSCAN clustering for refinement.
The implicit observation association step then updates ®
according to clustering results, which, along with €2, guides
the search for subsequent sources. The cycle concludes when
clustering fails, yielding the final mapping results:

S=1[81,8,,8, - ,8, i=12,---.1I, (1

where s; is the estimated location of the i-th source, and [
is the total number of sources estimated.

B. Particle Filtering

I-ASM first utilizes particle filtering [22] to infer the
probability distribution of sound source positions. At time
step k, the particle set P, is defined as:

Pk :{pg]vpf}a 7me]7 7PLM]}7 (8)
where pggm] = (:UEZC], yz[:;c]) is the state of the m-th particle,

representing a potential sound source position w.r.t. {W}.

1) Particle Initialization: Initially, the particle set Py is
generated by randomly selecting M particles from all grid
cells of the occupancy map:

M = Ln/DJ7 )

where n is the count of grid cells, D a positive constant
influencing particle density, and | -] the floor function. Lower
D values increase particle density, enhancing accuracy but
raising computation complexity, and vice versa. All particles
are initialized with equal weights:

wi™=1/M, m=12--- M. (10)

2) State Update: We update the particle states using a
random walk model to reflect the uncertainty in static sound
source systems. Specifically, we apply small Gaussian noise
to the current states to project them to the next time step:

(1)

[m] [m

P =Py R

. az 0
where v, ~ N (0,Q) with Q = O” 5l -
Tp
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Fig. 3: Overview of the proposed I-ASM framework

3) Weight Update: Particle weights are updated based on
the transformed DoA estimates 2} and the robot pose 7.
Particle’s assumed azimuth angle 91[;”} is calculated by:

[(m] _
Ql[ém] :tan_l M , m:172,--~ 7]\4. (12)
ka — Tk

The minimum angular difference AAI™ between 0,[;”] and
DoA estimate in z}” is obtained by:

A = min {|6" — oWy e(0,x],  (13)

n=1,2,--,N '

where n represents the observation index. This allows us to

find the observation line closest to the particle (see Fig. 4).
Assuming AfI™ ~ N(0,02), we use the corresponding

probability density function (PDF) to update particle weights:

1 —Aglm®
exp( 52

Moreover, to prevent excessively low weights from potential

(oot =

). (14)

outliers or noise, a threshold parameter A = f(20) is
introduced, and (14) can be improved to:
(), if Aglm < 2
[m]y — f(Ae )a 1 > 20
L (207 { A, if AGI™ > 25 (15)

To mitigate the risk of “ghost sources” arising from
bearing-only DoA measurements [18], we introduce a dis-
tance penalty term that accounts for the microphone array’s
limited pickup range:

Lo(d™) = exp (="} /5),

where [ is the decay factor, and d™ is the Euclidean
distance between the particle and the robot:

dm) = @l = )2 + W — gen)?

Therefore, the likelihood function L(A#!™, dl™) incorpo-
rates both angular deviation and distance, ensuring that
particles falling on the observation line are weighted appro-

(16)

a7

priately based on their proximity to the robot:

Ly - Lo, if AQI™ <24

Ly, if A9 > 20 (18)

L(Ag[m]’ d[m]) = {

Particle weights are updated using the likelihood function:

w™ = L(Agl gy ™ (19)

4) Adaptive Resampling: We employ an adaptive re-
sampling strategy that activates only when particle weight
disparity falls below a resampling threshold. The particle
weight disparity is quantified by:

1
Nejf = ——F—— €[1,M]. (20)
TSN )
The resampling threshold T.csqmpie 1s defined as:
Tresample = M/07 (21)

where C' is a constant and empirically set to 10. This
strategy allows particles to accumulate weights from multiple
observations, avoiding early resampling that might hinder
mapping accuracy. The low variance sampling [22] technique
is employed to retain particles with high weights.

e
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-

Fig. 4: Minimum angular difference schematic
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Fig. 5: Illustrative example of observation association

C. DBSCAN Clustering

After particle filtering, DBSCAN (Density-Based Spatial
Clustering of Applications with Noise) [23] is applied to
identify clusters of closely converged particles in P g, dis-
tinguishing them from noise. Within the resulting cluster set
C, we concentrate on the cluster with the highest particle
count, C,,.z, and calculate its centroid §; as the estimated
sound source position for the current ¢-th filtering round:

— Z p[m]

which will be added to the source mapping result set S.

The termination condition for the “Filtering-Clustering-
Implicit Associating” loop is met when no valid clusters
exist beyond the noise category in the current DoA Estimates
Table ®, indicating all sound sources have been located.
Furthermore, by disregarding noise particle points and focus-
ing on C,,,4,, employing its centroid for estimation provides
higher accuracy than the weighted sum of particle filtering
results, as detailed in Section IV.

where pk e Crnax,v (22)

-rzayz)

D. Implicit Observation Association

After estimating the sound source location §;, we calculate
the corresponding DoA for each robot pose rj in the Pose
Estimates Table €2 using:

0, = tan~! (y_y’“> k=12, K. (23
Ti — Tpk
We then identify the observed DoA value d)}ffk in the DoA
Estimates Table ® that is closest to ék with:
n* = argmin |6 — ¢ka| (24)

ne{1,2,-,N}

If the minimum angular deviation |0, — ZV | falls within
the associated range vy = 3o, the observation ‘157‘/1[,/1@ 1s
associated with the estimated source $; and removed from
®. The updated ® is then fed back into the particle filter
module for subsequent estimation rounds. For instance, as
illustrated in Fig. 5, among all observations ¢\",, ¢';, ¢,
at time step k, observation ¢I1/I,/k is the closest to the current
source estimate §;, i.e., n* = 1 Meanwhile 8, also falls
within the association interval [¢}V, —~, q§ +7]. Therefore,

Algorithm 1: Proposed I-ASM algorithm
Input: Occupancy map, €2, &
Output: Source mapping result S

1 Initialize S =0, M (9), i = 0;

2 while TRUE do

// Filtering

3 Initialize P, wl™ (10);

4 for stepCount =0 to 2K — 1 do

5 k = mod(stepCount, K) + 1;

6 Update P (11);

7 for m =1 to M do

8 Calculate 6™ (12), dI™ (17), A6I™ (13);
9 Calculate L(Ae[ml, dl™l) (18);
10 wlm™ = L wlm (19);

1 end

12 if Nesr < Tyesampie (20) (21) then
13 | Resample P [22];

14 end

15 Amax = max(eig(cov(P)));

16 if \ae < Apresn then

17 | break;

18 end

19 end

// Clustering
20 C = DBSCAN(P, NOT Noise);
21 if C # () then

22 1=1+1;
23 8 = mean( maz) (22);
24 Add 5; to S:; ;
// Implicit Associating
25 for k=1 to K do
2 Calculate §), (23), n* (24);
27 if |0, — ¢V | < then
28 | Remove ®(k,n*) from ®;
29 end
30 end
31 end
32 else
33 | break;
34 end
35 end
36 return S ;

observation gb‘l’vk is associated with §;, indicating a match
between the observation and the estimated source.

E. Algorithm

The I-ASM algorithm, as outlined in Algorithm 1, employs
a dual traversal of trajectory and observation points (line 4)
to enhance the convergence of particles, thereby mitigating
clustering failures due to limited observations. The algorithm
also features an early exit mechanism based on the maximum
eigenvalue A, of the covariance matrix (line 15), which sig-
nifies the widest particle spread direction. If \.x falls below
the threshold Apyesh, the algorithm assumes convergence and
moves directly to the clustering step.
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(a) Arrangement I (b) Arrangement II

Fig. 6: Sound source arrangements

IV. EXPERIMENTS
A. Experimental Setup

As illustrated in Fig. 3, the mobile robot in our experiment
is equipped with a 6-channel spherical microphone array
(0.235m diameter, 48kHz sampling rate) and a 2D LiDAR.
Tests are carried out in an 11m x10m conference room with
an occupancy map generated by GMapping [24] in ROS at
r = 0.05m resolution. Ambient noise is 29dB, rising to 31dB
with the LiDAR active. The environment is populated with
H = 10 sound sources (pre-recorded voices of 5 men and
5 women) played on loudspeakers, with sound levels from
57dB to 70dB at Im. Two source arrangements (I and II)
are tested, as shown in Fig. 6. Arrangement I offers a sparse
distribution with a 2.4m minimum spacing, while II provides
a compact setup with a 1.25m maximum spacing.

The robot stops at each observation point at time step
k to publish audio data (1.5-3 seconds) via a ROS topic.
This data is subscribed by a MATLAB node for SSL using
the Multi-channel BSS Locate' toolbox, which applies an-
gular spectrum-based methods to convert signals into time-
frequency representations and rank potential source locations
by energy density. Two classic SSL methods, GCC-PHAT
(Generalized Cross Correlation with Phase Transform) and
MVDR (Minimum Variance Distortionless Response), are
employed for DoA estimation. Experiment parameters in-
clude: D =9, 0 =5°, 3 =50, 0, = 0.01m, Ayesh = 0.1m?,
DBSCAN parameters € = 0.1m and MinPts = 0.1M, with
N = 3 and 4 for Arrangement I and II, respectively.

B. Performance Metrics

We use the Optimal Subpattern Assignment (OSPA) dis-
tance [25] to quantify the discrepancy between the true
source set S and the estimated set S. For the case I < H,
the OSPA distance is defined as:

. I »
dgc)(87s) = |:% (WHEHI_E{ zZ:l (dc(sia g71'(1)))1) + (H - I)CP)] )
where Iy represents all permutations of length I, with ele-
ments taken from {1,2,---, H}; function d(®(s;, 5x41)) =
min(c, [|8; — 8.(;)||") is the distance between true and esti-
mated position with cutoff value c and order p. For the case
I>H, d;",(S,:S) = d;(S’,S). Following [25], we set p = 1
and ¢ = 1m to balance localization and cardinality errors.

Ihttps://gitlab.inria.fr/bass—db/mbss_locate

(d) k=42 (e) k = 46 () k =66

Fig. 7: Mapping result for Arrangement I (MVDR)

f) k=22

d) k=12 (e) k=18

Fig. 8: Mapping result for Arrangement II (GCC-PHAT)

C. Experiment Results and Discussions

Figures 7 and 8 illustrate the mapping results during the
robot’s exploration, where Arrangement I has K = 71 and
Arrangement II has K = 40 observation points visited by
the robot. Considering the Monte Carlo nature of the algo-
rithm (which includes random initialization and resampling
of particles), we ran it 50 times on data collected from
both arrangements to ensure a robust evaluation. To further
underscore the benefits of integrating DBSCAN clustering
and distance penalties in (16), we examined three algorithm
versions: Cluster Average (CA), Weighted Sums (WS), and
Without Distance Penalty (WDP). CA refers to the full I-
ASM, while WS skips clustering and uses the weighted
sum of particle filtering results directly, and WDP excludes
distance penalties from the likelihood function.

Table I summarizes the OSPA distances’ averages and
medians under different conditions, alongside comparative
boxplots depicted in Fig. 9. It is clear that the CA version
outperformed WS and WDP across all tests, indicating the
importance of employing DBSCAN clustering and distance
penalties for mapping accuracy. Moreover, Arrangement II
showed a better OSPA performance, probably attributed to
the closer proximity of sources and the unobstructed paths to
the robot, which allowed for more accurate DoA estimates.
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TABLE I: Evaluation results for 50 Monte Carlo runs

Source d;, average (m) d;, median (m)
Arrangement MVDR GCC-PHAT MVDR GCC-PHAT

I CA (Full I-ASM)  0.249" 0.338 0.270 0.332
WS 0.434 0.553 0.436 0.549

WDP 0.403 0.456 0.393 0.438

II CA (Full - ASM) 0.157 0.225 0.158 0.239
WS 0.289 0.363 0.287 0.364

WDP 0.335 0.376 0.322 0.302

* Bold font indicates better performance across three algorithm versions.
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Fig. 9: Boxplots of OSPA distances under different experi-
mental conditions

Conversely, the scattered source layout in Arrangement I
increased the likelihood of false DoA detections, adversely
affecting mapping accuracy. Furthermore, as for the SSL
algorithm, MVDR outperformed GCC-PHAT across all sce-
narios, suggesting better adaptability for ASM.

Time efficiency is influenced by the number of observation
points, audio recording duration, selected SSL methods, and
the number of particles. It is crucial to make a trade-off
between time efficiency and mapping accuracy based on the
requirements of practical applications.

V. CONCLUSIONS

In this paper, we introduce I-ASM, a particle filter-based
iterative framework for indoor acoustic scene mapping with
multiple sound sources. Requiring no prior data association,
I-ASM employs a sequential estimation strategy through
an iterative “Filtering-Clustering-Implicit Associating” cycle,
successfully achieving ASM of multi-sound source positions.
Real-world experiments validate its effectiveness in two
challenging scenarios of sound source layouts, each with 10
concurrent sound sources. Overall, [-ASM delivers precise
mapping and exhibits resilience to missing and false DoA
estimates. Building on these results, future work will focus
on extending I-ASM’s adaptability to dynamic environments
and refining its accuracy under more complex scenarios.

REFERENCES

[1] C. Evers and P. A. Naylor, Acoustic SLAM, IEEE/ACM Trans. on
Audio, Speech, and Language Processing, Vol. 26, No. 9, pp. 1484-
1498, 2018.

[2] L. Wang and A. Cavallaro, Deep learning assisted sound source
localization from a flying drone, IEEE Sensors Journal, Vol. 22, No.
21, pp. 20828-20838, 2022.

[4]

[5

=

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23

[trt

[24]

[25]

12322

P. P. Rao and A. R. Chowdhury, Learning to listen and move: An
implementation of audio-aware mobile robot navigation in complex
indoor environment, Proc. of the IEEE ICRA, pp. 3699-3705, 2022.
D. Su, H. Kong, S. Sukkarieh, and S. Huang, Necessary and sufficient
conditions for observability of SLAM-based TDOA sensor array
calibration and source localization, IEEE Trans. on Robotics, Vol. 37,
No. 5, pp. 1451-1468, 2021.

J. Wang, Y. He, D. Su, K. Itoyama, K. Nakadai, J. Wu, S. Huang, Y. Li,
and H. Kong, SLAM-based joint calibration of multiple asynchronous
microphone arrays and sound source localization, [EEE Trans. on
Robotics, DOI: 10.1109/TR0O.2024.3410456, 2024.

C. Zhang, J. Wang, and H. Kong, Asynchronous microphone array
calibration using hybrid TDOA information, Accepted and to appear,
Proc. of the IEEE/RSJ IROS, 2024.

X. Li, H. Deng, J. Wang, L. Fu, and H. Kong, Information-aware
joint calibration of microphone array and sound source localization,
Accepted and to appear, Proc. of the Int. Conference on Indoor
Positioning and Indoor Navigation (IPIN), 2024.

C. Rascon and I. Meza, Localization of sound sources in robotics: A
review, Rob. Auton. Syst., Vol. 96, pp. 184-210, 2017.

I. An, G. An, T. Kim, and S. Yoon, Microphone pair training for
robust sound source localization with diverse array configurations,
IEEE Robot. Autom. Lett., Vol. 9, No. 1, pp. 319-326, 2023.

E. Martinson and A. Schultz, Auditory evidence grids, Proc. of the
IEEE/RSJ IROS, pp. 1139-1144, 2006.

N. Kallakuri, J. Even, Y. Morales, C. Ishi, and N. Hagita, Probabilistic
approach for building auditory maps with a mobile microphone array,
Proc. of the IEEE ICRA, pp. 2270-2275, 2013.

J. Even, J. Furrer, Y. Morales, C. T. Ishi, and N. Hagita, Probabilistic 3-
D mapping of sound-emitting structures based on acoustic ray casting,
IEEE Trans. on Robotics, Vol. 33, No. 2, pp. 333-345, 2017.

D. Su, K. Nakamura, K. Nakadai, and J. V. Miro, Robust sound source
mapping using three-layered selective audio rays for mobile robots,
Proc. of the IEEE/RSJ IROS, pp. 2771-2777, 2016.

J. S. Hu, C. Y. Chan, C. K. Wang, M. T. Lee, and C. Y. Kuo,
Simultaneous localization of a mobile robot and multiple sound
sources using a microphone array, Advanced Robotics, Vol. 25, pp.135-
152, 2011.

C. Schymura and D. Kolossa, Potential-field-based active exploration
for acoustic simultaneous localization and mapping, Proc. of the IEEE
ICASSP, pp. 76-80, 2018.

M. Wakabayashi, H. G. Okuno, and M. Kumon, Multiple sound
source position estimation by drone audition based on data association
between sound source localization and identification, IEEE Robot.
Autom. Lett., Vol. 5, No. 2, pp. 782-789, 2020.

Y. Sasaki, R. Tanabe, and H. Takernura, Online spatial sound percep-
tion using microphone array on mobile robot, Proc. of the IEEE/RSJ
IROS, pp. 2478-2484, 2018.

X. Dang, Q. Cheng, and H. Zhu, Indoor multiple sound source local-
ization via multi-dimensional assignment data association, IEEE/ACM
Trans. on Audio, Speech, and Language Processing, Vol. 27, No. 12,
pp. 1944-1956, 2019.

S. Michaud, S. Faucher, F. Grondin, J.-S. Lauzon, M. Labbé, D.
Létourneau, F. Ferland, and F. Michaud, 3D localization of a sound
source using mobile microphone arrays referenced by SLAM, Proc.
of the IEEE/RSJ IROS, pp. 10402-10407, 2020.

Z. Wang, W. Zou, H. Su, Y. Guo, and D. Li, Multiple sound source
localization exploiting robot motion and approaching control, /EEE
Trans. on Instrumentation and Measurement, Vol. 72, pp. 1-16, 2023.
I. An, Y. Kwon, and S. Yoon, Diffraction-and reflection-aware multiple
sound source localization, IEEE Trans. on Robotics, Vol. 38, No. 3,
pp. 1925-1944, 2021.

S. Thrun, W. Burgard, and D. Fox, Probabilistic Robotics, MIT Press,
2005.

E. Schubert, J. Sander, M. Ester, H. P. Kriegel, and X. Xu, DBSCAN
revisited, revisited: why and how you should (still) use DBSCAN,
ACM Trans. on Database Systems, Vol. 42, No. 3, pp. 1-21, 2017.
G. Grisetti, C. Stachniss, and W. Burgard, Improved techniques for
grid mapping with Rao-Blackwellized particle filters, I[EEE Trans. on
Robotics, Vol. 23, No. 1, pp. 34-46, 2007.

D. Schuhmacher, B. -T. Vo, and B. -N. Vo, A consistent metric for
performance evaluation of multi-object filters, I[EEE Trans. on Signal
Processing, Vol. 56, No. 8, pp. 3447-3457, 2008.



