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Abstract—This paper presents a new method of multiple object
tracking in a multisensor lidar context. One of the difficulties of
scanning laser range finders (LRF) lies in the measurements of
the objects since they are spatially distributed. We propose a
tracking method (MF-IP-SMC), which uses the LRF data from
a clustering stage (IP method) which avoids the usual detection
step. This step is indeed source of detection problems or false
alarm. The MF-IP-SMC approach is then validated on multilidar
sequences of vehicles on road. A comparison with reference
methods in vehicle tracking is then presented in order to quantify
the contribution of the proposed solution.

Index Terms—extended target tracking, sequential Monte
Carlo methods, track-before-detect, multisensor fusion, scanning
laser range finder

I. OVERVIEW

Multi-target tracking (MTT) is an intensively studied prob-

lem, initially in the military or air traffic control domains with

radar sensors [1], [2] but now in many applications such as

robotics [3], road safety [4], [5], ocean surveillance [6] with

different sensors (scanning laser rangefinder, cameras, . . . ).

Different methods were developed to deal with MTT appli-

cations such as the Joint Probabilistic Data Association filter

(JPDA) [1], [7] or the Multiple Hypothesis Tracker (MHT) [8],

[9] and more recently Pobability Hypothesis Density filter

(PHD) [10]. A common assumption with these approaches is

to consider pointwise targets: in this case a detection stage

is generally used to extract the basic features of the target

(for example the center-of-gravity [11]). Firstly developed for

pointwise targets, more recent works focused on extended

target tracking (ETT) in the PHD theoretical framework for

instance.

The detection-based methods are known to be strongly

dependent on the detector performances. Track-before-detect

approaches have been developed to avoid these drawbacks, by

considering the raw data of the sensor without any suboptimal

preprocessing stage [12], [13]. The main difficulty relies on

the unknown varying number of measurements belonging to

the target. As a consequence, a target model must be integrated

in the tracking system to identify these measurements, such

as rectangular [14] or ellipsoidal [15] bounding boxes.

In the MTT domain, and more specifically in transportation

applications, the scanning laser rangefinders (LRF) are key

sensors for collision detection and avoidance. Mounted on a

moving vehicle, they provide range and angular information

about the objects in the environment at a high sampling rate

with a high degree of structure (distributed data) [16], [17].

However, it is known that a perception system composed of a

standalone LRF can lead to a lack of track continuity, in case

of occlusion of targets for example which generates additional

tracks. To increase the robustness of the tracking process,

multisensor systems are commonly used. They are generally

composed of LRFs [18], cameras [19], inertial sensors [20]

or laser line stripper [21]. Our system is composed of several

LRFs [22], [23] placed at strategic locations of the ego-vehicle

in order to increase the track management efficiency. In this

kind of systems, the JPDA method [24], [25] or scan point

matching techniques [26] are popular solutions. Generally, a

distributed fusion architecture is built to merge tracks obtained

from each sensor [27], [9].

The goal of our work is to generalize a track-before-detect

extended target tracking approach previously studied for a

standalone LRF sensor [13] to a system composed of multiple

LRF and possibly multilayer LRF. The method (denoted as

MF-IP-SMC) is applied to multiple vehicle tracking in a road

safety context. Targets are modeled by bounding boxes [28]

which are integrated in the tracking process by considering

invariant properties of the object. The measurements are

processed in a centralized fusion architecture [29], [30] and the

non-linearities are handled with the Sequential Monte Carlo

methods [31]. Moreover, the proposed approach avoids mid

level or high level fusion [18] by using raw measurements

only and not extracted features or targets.

II. SCANNING LASER RANGEFINDER

A scanning laser rangefinder (lidar) is a device that esti-

mates the relative distance of objects from the measure of

the time-of-flight of a laser beam. By nature, this sensor

delivers information in polar coordinates (ρ, θ) about the en-
vironment of the ego-vehicle in an angular range [θmin, θmax]
and between a distance interval [ρmin, ρmax]. These intervals
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Fig. 1. Schematic representation for two LRF sensors

OW
−→
iW

−→
jW

Ego-

vehicle
×
G

(RG)

M ~VM

O

−−→
V ego
t

O1

−→
i1

θ1

−→
j1

O2

−→
i2

−→
j2

θ2

Fig. 2. Coordinate systems used for the centralized fusion structure

define the field of view. A lidar scans the environment with a

large aperture (180 degrees at least), a high measurement rate

(usually 10/20 Hz) and a small angular resolution α (0.25◦).

In such a system, the error on range measurement is equal to

several centimeters inside the interval [ρmin, ρmax] and those
on bearing is usually supposed to be negligible.

III. MOTION MODELING IN A CENTRALIZED FUSION

FRAMEWORK

A. Transformations between local reference frames
In multisensor fusion problems, a key point lies in the

choice of the fusion structure. The multiple object tracking

problem is here solved in a centralized fusion framework.

As a consequence, the relationship between the kinematic

parameters of the tracked objects in each local reference frame

must be written. Figures 1 and 2 represent the global geometric

configuration of the multisensor perception system.

The ego-vehicle is described by its center-of-gravity (de-

noted G). Its orientation is collinear to the velocity
−−→
V ego
t . The

reference representation frame (state-space) is the frame whose

origin is located at the middle of the front bumper R and

whose the y-axis is collinear to
−−→
V ego
t . Two sensors are shown

on Fig. 1 but the problem is here generalized with Ns sensors

(s denotes the index of each sensor). In [32], Stiller and al.

transform measurements provided by sensors in a reference

frame. Our approach is different since the measurements are

respectively processed in the sensor’s reference frame. The

state vector is estimated in the reference frame R.
Let us note M the center-of-gravity of an object whose

coordinates are (xs, ys) in the local frame associated to the

sensor #s (referred as Rs with center Os in Fig. 2). Since the

sensors are rigidly-linked, the coordinate transformation from

local reference frames Rs to global reference frame R can be

written according to translation (
−−→
OOs) and rotation parameters

(Rθs):

(
x
y

)
= Rθs

[(
xs

ys

)
+
−−→
OOs

R

]
(1)

(x, y) are coordinates in the reference frame R and Rθs is

the rotation matrix with the oriented orientation θs from the

frame Rs to the common frame R:

Rθs =

(
cos θs sin θs

− sin θs cos θs

)
(2)

The velocity and acceleration components are the same in

each sensor since they are rigidly linked (the angular velocity

of Os with regards to O is null and the velocity of Os in the

reference frame R is the null-vector).

B. Object orientation in the local frames
In this perception system, the orientation of an object must

be calculated by taking into account the motion of the ego-

vehicle in the world reference frame. Sensors are oriented

in the sense of the ego-motion (described by the velocity
−−→
V ego
t ). In a multisensor system, we must additionally take into

account the local frame orientation (Fig. 2) for the weighting

step. Galilean transformations are so applied where the ego-

vehicle is represented by its center-of-gravity G.
Under low variability of the ego-vehicle dynamics (roads

with high curvature radius), the velocity
−→
VM of the tracked

object can be written in the world reference frame RW :

−−→
VW
M =

−−→
V Rs

M +
−−→
VW
Os

(3)

In (3),
−−→
VW
Os

represents the velocity of the local frame Rs in the

world reference frame. Since the velocity of this frame with

regards to the center of the ego-vehicle frame RG is null, it

leads to:

−−→
VW
M =

−−→
V Rs

M +
−−→
VW
G (4)

In (4), the ego-velocity
−−→
VW
G is expressed in the coordinates

system Rs and must take into account the sensor orientation



θl compared with the ego-motion. Finally, the orientation ψM

of the object M in the world reference frame is given by:

ψM = atan2



vy +

∥∥∥−−→V ego
∥∥∥ cos θs

vx +
∥∥∥−−→V ego

∥∥∥ sin θs


 (5)

where

x, y, vx, vy are the object kinematic parameters in

the considered local frame ;

xR
G

Os , yR
G

Os are sensor coordinates in the frame expressed in

the ego-vehicle frame ;

θs is the sensor orientation ;

V ego is the ego-vehicle velocity (delivered by a GPS

sensor for example).

IV. STATE-SPACE MODELING OF THE MULTISENSOR

PROBLEM

Generally, the problem of multiple object tracking in

a multisensor framework composed of several LRFs can

be expressed by state-space equations. Let us note X =
(x, vx, γx, y, vy, γy)T the state vector that characterizes the

tracked object (position, velocity and acceleration along each

component x and y of the reference representation frame). The
vehicles motion (relatively to the ego-vehicle) is described by

a third order kinematic model (position, velocity, acceleration)

along the components x and y:




Xt = Φ(Xt−1,Wt) = ΦXt−1 +Wt





Z1
t = H1(Xt) + ν1t

...
...

ZNs

t = HNs(Xt) + νNs

t

(6)

where Wt is a six-dimensional white Gaussian noise with

zero mean and Q covariance and Ns is the number of LRF

sensors. {νst }
Ns

s=1 are additive white Gaussian measurement

noises with zero means and Σs covariances.

The measurement noises are introduced here to model the

errors related to the range measurements but also to take

into account the shape distortions that are generated by the

displacement of the tracked object during the acquisition.

The dynamics flow Φ of the system can be written as

follows (O3×3 is the three-dimensional null matrix, ∆t is the
full scan period):

Φ =

(
Φx O3×3

O3×3 Φy

)
, with Φx,y =




1 ∆t ∆t2/2
0 1 ∆t
0 0 1




The velocity V ego
t = (V ego,x

t , V ego,y
t ) of the ego-vehicle is

estimated at each time step (using a GPS sensor for instance).

The measurement functionsHs (s = 1, . . . , Ns) describes
the nonlinear relationship between the state vector and the

range measurements ρmj , (j = {1, . . . , ns
max}) of an angular

scan of the LRF (ns
max is the total number of range measure-

ments for the LRF #s). For clarity reasons, the temporal index
is here omitted.

The raw measurement equation of a complete scene for the

sensor #s at each time step can be written as follows:

ρmj = ρj + νsj , ∀j = {1, . . . , ns
max} (7)

where νsj is an additive white Gaussian noise with zero mean

and σ2
ρ variance (same ∀ j). ns

max denotes the total number of

points in a scan (ns
max = 1 + (θsmax − θ

s
min)/α).

One difficulty lies into the spatially distributed nature of

objects to track. In this case, the usual solutions consist

in applying a preprocessing stage (referred as detection) to

extract the different objects of the scene.

Alternatively, a clustering method has been developed [33]

in order to identify the objects from measurements. This

method is based on using an aggregation function, referred

as cumulative function CF , in which each segment (a visible
side of polyhedral object) appears as a triangular pattern.

a) Clustering: Let us now detail the clustering procedure

of the raw measurements. The vehicles are modeled by a

bounding-box whose visible sides must be identified in the

raw data. In polar coordinates, a straight line can be described

by two parameters: its orthogonal distance ρd to the origin of

the reference frame and the related orientation. Hence, each

point Pj = (ρj , θj) belonging to the line verifies the following
polar equation:

ρd = ρj cos(θd − θj) (8)

Let us define Ak(j) the cumulative function of the inverse
range measurements in a neighborhood k {Pl}l=j−k,...,j,...,j+k

from the central point Pj :

Ak(j) =

l=j+k∑

l=j−k

1

ρl

1

ρj

= 1 + 2

k∑

l=1

cos(lα) ≡ Cth
k (9)

where Cth
k is the theoretical geometric invariant that only

depends on the neighborhood k.

In case of noisy measurements, the geometric invariant

Ak(j) is a random variable and is no longer equal to Cth
k .

Its statistics can be derived from (9) and (7) (assuming that

νl/ρl ≪ 1, which is a natural assumption with this kind of

sensor and application). It leads to a membership test that

only depends on the angular resolution α of the sensor and

the middle point j of the line segment. (2k + 1) successive
scan points {Pj−k, . . . , Pj+k} belong to the same line if:

‖Ak(j)− C
th
k ‖ ≤ 3

σρ
ρj

(Cth
k − 1) (10)

For further details, the reader can refer to [33].

b) Cumulative function: One defines the neighborhood

function V (j, k) of all the possible neighborhoods k of a line

segment centered on Pj , k = {1, . . . , kmax(j)}:

V (j, k) = k, if and only if Eq. 10 is valid

for the considered neighborhood k
= 0, elsewhere
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Fig. 3. A cumulative function example for a rectangular object. The scene
is scanning in the trigonometric sense. Each peak magnitude (respectively h1

and h2) denotes the number of impacts belonging to a corresponding side of
the object.

Hence, one derives a cumulative function CF (j) that repre-
sents for each scan point Pj , the maximum number of potential

neighbors belonging to the same Pj -centered line segment:

CF (j) = max
k

V (j, k), ∀j (11)

The basic structure of the cumulative function CF is shown

in Fig. 3 for an ideal vehicle (polyhedral object): each line

segment is described by a triangle. It can be shown [33]

that the peak position defines the middle point Pε of the

line segment (ε is the scan point number) and the corre-

sponding value of CF estimates the widest neighborhood

{Pε−kmax
, . . . , Pε+kmax

} of Pε with kmax = CF (ε). The
function CF defines the measurement equation (6) for each

LRF (non linear function Hs).

Remark: It must be noticed that the proposed MF-IP-

SMC method can easily deal with LRF sensors with various

characteristics (range, angular resolution, angular aperture,

etc.). For readability reasons, our method has been detailed for

synchronous sensors but can be straightforwardly extended to

asynchronous data.

V. MULTISENSOR TRACKING OF POLYHEDRAL OBJECTS IN

LRF MEASUREMENTS: THE MF-IP-SMC FILTER

The goal of our method is to deal with the raw measure-

ments of the laser rangefinders in the tracking stage. To this

end, a centralized fusion structure is proposed that uses these

measurements without any preprocessing. The general struc-

ture of the filter, referred as MF-IP-SMC (Multisensor Fusion

tracking by Invariant Parameters using Sequential Monte Carlo

methods) is described below.

Let us note Xj
t = (xjt , v

x,j
t , γx,jt , yjt , v

y,j
t , γy,jt )T the state

vector that describes the tracked object #j at time step t. The
particle estimation of the state vector can be written as follows:

∀i ∈ {1 . . .Np} , X
j
t =

Np∑

i=1

ω
j,(i)
t δ

X
(i)
t

(X) (12)

where ω
j,(i)
t denotes the weight of the particle i related to the

object #j and X
(i)
t its position in the state-space.

A difficulty here is to build the weighting procedure in the

multisensor frame using the raw measurements of the Ns LRF

sensors.

c) Initialization: Our filtering approach is based on the

cumulative function CF where each object is described by one

or more triangles depending on the number of visible faces.

CF is used at each time step and for each sensor to detect new

objects in the scene. For each new object, a weighted particle

cloud is drawn around the initial state X
j

0 (extracted from the

cumulative function):

∀i ∈ {1 . . .Np} , X
j,(i)
0 ∼ N (X

j

0, Q0) (13)

The importance weights are set to 1/Np where Np denotes the

number of particles. The covariance matrix Q0 of the initial

state vector is use to scatter the particles in the state-space:

Q0 = diag(σ2
0,x, σ

2
0,vx , σ2

0,γx , σ2
0,y, σ

2
0,vy , σ2

0,γy ) (14)

d) Prediction: For each tracked object j, the related

particles evolve independently in the state-space according to

the importance law qt(X
j
t |X

(i)
t−1, Zt). The predicted weights

can be written as follows:

∀i ∈ {1 . . .Np} , ω
(i)
t|t−1 =

p(Xj
t |X

(i)
t )

qt(X
j
t |X

(i)
t−1, Zt)

ω
(i)
t−1 (15)

For each sensor #s, a particle estimation of the scene (in

terms of the cumulative function CF ) is built in the measure-
ment space (LRF scan of the sensor s). This reconstruction
is based on (5) where the object orientation is computed for

each sensor. Due to the rigidity of the global structure (i.e.

rigidity of a local reference frame with respect to another local

reference frame), the velocity of the tracked vehicles can be

written as follows:

(
vx,st

vy,st

)
= R−1

θl

(
vxt
vyt

)
(16)

where vx,st , vy,st denotes the velocity components in the local

reference frame of the sensor #s and vxt , v
y
t the same com-

ponents in the global reference frame.

e) Weighting update: : the weighting stage is the key

step of the proposed method in the chosen fusion structure.

We describe the weighting step for the tracked object j at time
(t − 1) (for the sake of visibility, the index j is deliberately

omitted in the following). This step is iterated for each object

of the scene (by means of independent local filters). For each

particle, the likelihood is computed from the raw data delivered

by each sensor s. The log-likelihood L
(i)

Zl
t

can be written as

follows:

∀i ∈ {1 . . .Np} , p(Z
l
t|X

(i)
t|t−1) = exp

(
L
(i)

Zl
t

)
(17)



The related log-likelihood function LZl
t
can be derived as

follows:

LZl
t
(X

(i)
t ) ∝ −

1

2

(
Z l
t −H

l(X
(i)
t )

)T

Σl−1
(
Z l
t −H

l(X
(i)
t )

)

(18)

As detailed in [13], the measurement equation can be

augmented with the raw measurement of the radial distance

of the middle point of the particle-based segment. Due to

its centralized architecture, our method exploits the vehicle

measurements in each sensor when it is visible. Indeed, this

step lies on the cumulative function CF s (associated to the

LRF #s). One defines now the set S ′ of sensors which

contain object-related measurements (presence of one or more

triangular pattern in CF ). Finally, the likelihood of the particle
i from all raw measurements is computed as:

∀i ∈ {1 . . .Np} , p(Zt|X
(i)
t|t−1) =

∏

l∈S′

p(Z l
t|X

(i)
t|t−1) (19)

It must be noticed that an originality of our approach lies in

the tracks management (birth, maintain and death) which is not

an external procedure but is fully integrated in the multisensor

tracking filter. The weighting update can then be done:

∀i ∈ {1 . . .Np} , ω
(i)
t|t =

p(Zt|X
(i)
t|t−1)

Np∑

k=1

ω
(k)
t|t−1p(Zt|X

(k)
t|t−1)

ω
(i)
t|t−1 (20)

f) Resampling step: : according to the estimation of the

effective sample size N̂eff = 1/




Np∑

i=1

(w
(i)
t )2


, a resampling

procedure is applied [31].

VI. EXPERIMENTATIONS

The proposed method is evaluated using simulated data.

The road scenario is composed of six vehicles moving in

the field-of-view of two embedded one-layer laser sensors.

These sensors are located on the left and right side of the

ego-vehicle’s bumper as shown on Fig. 1. They are supposed

to deliver synchronized measurements (10 Hz) during the

acquisition time (50s) and they have the same measurement

noise (σρ = 0.03m). All real tracking situations are simulated
(newborn targets, disappearance and occlusion). The global

reference frame R is such as the origin O located at the front

bumper of the vehicle, whose coordinates are (0, L/2) in the

frame RG.

The MF-IP-SMC method is evaluated by comparing to

results provided by the same single LRF multitarget tracking

method [13], which is a specific situation of our approach

(referred as IP-SMC filter). The MF-IP-SMC filter is also

compared to a popular JPDA filter [34] based on the Split-

and-Merge detector [35] and implemented with the Sequential

Monte Carlo techniques (referred as SM-SMC-JPDA filter)

with only one sensor. Finally, the last used reference method

Ego-vehicle

Target 1

−→
V

Target 2

Fig. 4. Occlusion configuration at time step 220

for comparison is the the Multisensor JPDA (referred as SM-

SMC-MSJPDA filter) [36]. It must be noticed that the SMC-

JPDA filters use the same parameters (number of particles,

dynamic noise covariances, etc) than the proposed approach.

Tracking results are shown on Figs. 5 for the MF-IP-

SMC, the IP-SMC, the SM-SMC-MSJPDA and the SM-SMC-

JPDA filters. The tracking duration has been significantly

increased with the MF-IP-SMC filter, especially during time

steps where the object is occluded (time steps 220 to 240 as

shown in Fig. 4). This is confirmed by computing the total

duration of each track for all filters (Tab.I). The process is

less disturbed with our method, combining the benefit of a

multi-sensor structure and an approach avoiding preprocessing

of the data. Indeed, the SM-SMC-JPDA filters are disturbed

by failure of the detector (absence of detection, false alarms)

and/or association problems. Compared to the SM-SMC-JPDA

filters, combining the two sensors let to increase the tracking

time (SM-SMC-MSJPDA), but failure of detector continue to

disturb the tracking process. By considering the IP-SMC filter

as reference, the number of created tracks is reduced with our

approach while it increases with the JPDA filters.

Target no. 1 2 3 4 5 6

MF-IP-SMC filter 18.7 21.7 50 27.9 40 17.2

SM-SMC-MSJPDA filter 18.2 21.4 50 27.9 38.9 16.6

IP-SMC filter (LRF1) 17.8 21.3 48.2 26.5 38.8 15.2

IP-SMC filter (LRF2) 17.8 21.3 48.2 26.7 38.8 16.5

SM-SMC-JPDA (LRF1) 18.2 21.2 49 26.3 38.8 15.2

SM-SMC-JPDA (LRF2) 18 21.4 48.7 27 38.4 16.4

TABLE I
TRACKING TIME (SECONDS) OF EACH TARGET

The benefit in terms of number of initiated tracks avoids

time-consuming initializations of additional tracks. The stan-

dard deviation of the dynamic parameters estimation is pre-

sented in Tab. II. Results prove the strength of the MF-IP-
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Fig. 5. Tracking results represented by the relative distance (L2-norm) of estimated tracks (one color per track) and theoretical tracks (black dots) for (a)
MF-IP-SMC tracking method (b) MSJPDA-SMC filter (c) IP-SMC filter with LRF1 (right) (d) SM-SMC-JPDA filter with LRF1 (right).



SMC tracking method compared to the other implemented

filters, especially to the the SM-SMC-MSJPDA method (up

to a factor 4 for the position error).

Standard deviation
Position Speed Acceleration

(m) (m/s) (m/s2)

MF-IP-SMC filter 0.015 0.048 0.095

SM-SMC-MSJPDA filter 0.056 0.168 0.132

IP-SMC filter (LRF1) 0.072 0.096 0.112

IP-SMC filter (LRF2) 0.071 0.096 0.108

SM-SMC-JPDA (LRF1) 0.208 0.297 0.148

SM-SMC-JPDA (LRF2) 0.143 0.224 0.140

TABLE II
ESTIMATION ERRORS

We finally propose a qualitative study of the results by

computing the tracking errors in terms of total tracks, missing

tracks (FNT) and false tracks (FPT) numbers [18]. Tab. III

shows a decrease of FNT and FPT rates by processing directly

the raw data in our centralized fusion framework. The tracking

process is so less disturbed and the proposed method creates

exactly the theoretical number of tracks (6) in this scenario.

Tracking errors categorize nb. tracks (/6) FNT FPT

MF-IP-SMC filter 6 0 0

SM-SMC-MSJPDA filter 28 6 9

IP-SMC filter (LRF1) 7 1 0

IP-SMC filter (LRF2) 7 1 0

SM-SMC-JPDA (LRF1) 28 9 9

SM-SMC-JPDA (LRF2) 24 10 6

TABLE III
TRACKING ERRORS

VII. CONCLUSION

We detailed in this paper a new method for multi-target

tracking in LRF data in a multisensor environment. A difficulty

lies in the spatially distributed nature of the measurements

related to the objects. This problem usually leads to the

necessity to build a detection stage that, from an experimental

point-of-view, can lead to detection problems (no detection,

false alarm). We focused here to the development of a low-

level fusion approach which uses the sensor information in

natural coordinates.

The MF-IP-SMC approach is based on a clustering step (IP

method) which has the advantage of preserving the statistical

properties of the measurement noise. It also allows to take

into account the measurements from different sensors by using

SMC approaches and the nonlinearities of the transformation

from local reference frames (related to sensors) to the global

reference frame (linked to the ego-vehicle). It must be noticed

that the proposed approach provides plug-and-play properties:

additional heterogeneous LRF sensors can indeed be directly

integrated. These sensors may have different parameters (an-

gular resolution, angular aperture) and not necessarily deliver

synchronous measurements.

Moreover, the proposed approach provides a viable alterna-

tive to multi-target tracking methods based on JPDA or PHD

theoretical frameworks and ensures an efficient management of

tracked targets (number, birth, death, maintenance). This cou-

pled detection and tracking approach leads to an improvement

of the track maintenance duration while preserving an accurate

estimation in experimental situations known as difficult (partial

occlusion of an object).
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