
Multi-Sensor Multi-Object Trajectory Estimation
with Lineage Inference

Tran Thien Dat Nguyen, Hoa Van Nguyen, and Changbeom Shim

Abstract—In this paper, we propose an algorithm to estimate
object trajectories and lineage information in the presence of
spawning events using multiple sensors. For efficient computation,
we approximate the predicted multi-object density with object
spawning by a generalized labeled multi-Bernoulli (GLMB). To
handle multi-sensor observation, we apply the multi-sensor GLMB
filter update using Gibbs sampling with an approximate proposal
to efficiently sample for significant GLMB components. The
experimental results with a 3D tracking scenario demonstrate
accurate estimation performance both in terms of object states
and lineage information.

Index Terms—multi-sensor multi-object tracking, spawning ob-
jects, 3D trajectory estimation.

I. INTRODUCTION

Lineage information is important in situational awareness
applications [1] where the origin of objects might bear critical
information. Conversely, in cell biology, object ancestry might
reveal migration patterns of cells, making it crucial in under-
standing their behaviors [2]. A tractable and arguably the most
natural approach for lineage estimation is to assign distinct
labels with ancestry information to objects and jointly estimate
them with the object states [1]. Further, given each object has a
distinct label, one can also construct the object trajectories from
a sequence of multi-object states (sets of individual objects) by
matching the labels over time, allowing the implementation of
tractable estimation algorithms [3].

Labeled random finite set (LRFS) emerges as a frame-
work to effectively handle multi-object estimation. In this
approach, each individual object is assigned a unique label
which could include the ancestry information [1]. Advances
in LRFS provide a suite of models and mathematical appa-
ratus to perform multi-object estimation [3], including object
lineage inference [1]. Popular LRFS algorithms such as the
labeled multi-Bernoulli (LMB) [4], generalized LMB (GLMB)
filters/smoothers [5], [6] and their variations [7]–[10] have been
developed to solve the multi-object estimation problem. Recent
breakthroughs in LRFS approach include an algorithm that can
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track over one million objects [11], and an implementation that
reduces the complexity to linear in the numbers of measurement
and object [12], see the recent overview [3] for more details .

In principle, using multiple sensors could reduce the ambi-
guity and improve the tracking performance, especially, in 3D
tracking problems [13], [14] where the uncertainty is generally
higher than the 2D counterparts. Within the LRFS framework,
the multi-sensor GLMB filter [10] has been proposed to effi-
ciently address the multi-sensor tracking problem. In particular,
the Gibbs sampling technique with minimally Markovian pro-
posal achieves a complexity that is linear in the total number of
measurement across all sensors. This complexity is significantly
lower than solving the multi-sensor data association problem
with classical multi-dimensional assignment techniques.

Leverage the advancement in LRFS, we propose an efficient
algorithm that estimates trajectories with spawning objects
using multiple sensors. In our technique, we approximate the
predicted multi-object density induced by the spawning model
with a GLMB that matches the first moment and cardinality
distribution [15]. Subsequently, a Gibbs sampler with a mini-
mally Markovian proposal is applied to sample for significant
components of the updated density. In the experiment, we
construct a 3D tracking scenario with four sensors where the
proposed algorithm is tested over 100 Monte Carlo runs to
verify its performance.

The paper is organized as follows. Section II presents back-
grounds on LRFS and the multi-object filtering recursions. In
Section III, we propose a closed-form multi-sensor multi-object
filtering algorithm with object spawning, and present our im-
plementation in Section IV. Section V shows the experimental
results with a 3D tracking scenario. In Section VI, we provide
conclusions and discuss potential future works.

II. BACKGROUNDS

Multi-object trajectories can be constructed from the multi-
object states given each object has a distinct label. In particular,
a trajectory is a sequence of states of the same label over
time. Early works on random finite set do not concern object
labels due to the computational expense. Nevertheless, labels
are necessary for the development of efficient algorithms, see
the arguments in [3]. An LRFS on a state space X and a



(discrete) label space L is a finite-set-valued random variable
on the space X × L such that each realization has distinct
labels [5]. All information of the multi-object state is captured
in the multi-object posterior density which can be propagated
forward in time via the Bayes posterior recursion, see e.g.
[6]. Nevertheless, propagating the multi-object posterior density
is expensive since the complexity grows with the number of
scans. A more efficient option is to propagate the multi-object
filtering density via the Bayes filtering recursion, which is
usually carried out in two steps. Given a multi-object prior
π(X) at the current time step and the multi-object transi-
tion density f(X+|X)–characterizes the multi-object dynamic
model–where the subscript ‘+’ is used to denote next time
step, the predicted multi-object density is first computed via
the Chapman-Kolmogorov equation as

π+(X+) =

∫
π(X)f(X+|X)δX. (1)

Subsequently, the updated multi-object density is computed as

π+(X+|Z+) ∝ π+(X+)g(Z+|X+), (2)

where g(Z+|X+) is the likelihood that X+ generates the
observation Z+, which characterizes the observation model.

A GLMB density can be written in its δ-form as [5]

π(X) = ∆(X)
∑

(I,ξ)∈F(L)×Ξ

w(I,ξ)δI [L(X)]
[
p(ξ)

]X
, (3)

where ∆(X) is 1 if all labels of X are distinct and 0 otherwise,
Ξ is an arbitrary discrete space, F(L) is the set of all finite
subsets of L, δX [Y ] is a Kronecker delta function which takes 1
if X = Y and 0 otherwise, L(X) is the set of labels of X , p(ξ)

is a probability density function on X. Each component (I, ξ)
of the sum is referred to as a “hypothesis”. The GLMB filtering
recursion is closed under the standard multi-object dynamic and
observation models [5].

As the filtering density is propagated forward in time, the
number of hypotheses grows exponentially. For tractability,
ranked assignment algorithms are needed to select only signif-
icant hypotheses for propagation. Early works on GLMB filter
use classical ranked assignment algorithms such as k-shortest
paths and Murty [16] with relatively high complexity. Later on,
Gibbs sampling [7] and tempering technique [12] reduce the
complexity to linear in numbers of object and measurement.

Early techniques to process multi-sensor observation include
sequentially updating the predicted multi-object density using
observation from one sensor to the next. Thus, the performance
depends on the order of the sensor update. Further, in the
GLMB filter, the updated density is not accurate since good
GLMB components might be discarded in one sensor update
iterate and not included in the next. Conversely, the tech-
niques proposed in [10], [17] directly sample the joint multi-
sensor data association, alleviating the issues associating with

the sequential update scheme. Especially, the Gibbs sampling
technique with a sub-optimal proposal achieves state-of-the-art
performance with a relatively low complexity.

Apart from the standard models, the GLMB filter and its
single-term approximation–the LMB filter–can also handle dif-
ferent models including track-before-detect observation [18],
merged/extended measurements [19], [20], spawning [1] and
interacting objects [21]. They have been applied to track
pedestrians [14], [22], vehicles [23], space objects [24], bio-
logical cells [25], [26], to perform simultaneous localization
and mapping [27], and to control and schedule sensors [28]–
[30]. The LRFS framework also provides the foundation for
different multi-sensor fusion techniques, e.g., [31]–[36].

III. THE MULTI-SENSOR GLMB FILTER WITH OBJECT
SPAWNING

In this section, we propose an algorithm to perform multi-
sensor multi-object tracking with spawning objects.

A. The Dynamic Model with Object Spawning

There are three types of objects that might exist at each
time step: new births; survivals; and spawns. The statistics of
new births are described by an LMB fB,+(·) with parameters
{PB,+(ℓ), pB,+(·, ℓ)}ℓ∈B+

, where PB,+(ℓ) is the birth prob-
ability of an object with birth label ℓ ∈ B+ (B+ ∩ L = ∅)
and pB,+(·, ℓ) is the state probability density function if it
exists. Conversely, an object x = (x, ℓ) from the current time
step can survive to the next one with probability PS(x) or
disappear with probability 1−PS(x). If it survives, its statistics
is given by the transition density fS,+(·|x, ℓ). The multi-object
transition density of the surviving objects is given by [5]

fS,+(XS,+|X) = ∆(XS,+)1
L(XS,+)

L(X) [ΦS (XS,+|·)]X , (4)

where 1X
S =

∏
x∈X 1S(x) with 1S(x) takes 1 if x ∈ S and 0

otherwise, and

ΦS(V |x, ℓ) =
∑

(x+,ℓ+)∈V

δℓ[ℓ+]PS(x, ℓ)fS,+(x+|x, ℓ) (5)

+ (1− 1L(V )(ℓ))(1− PS(x, ℓ)).

An object at the current time step can spawn up to NT

objects in the next time step. The transition density for spawned
objects is given by [1]

fT,+(XT,+|X)=∆(XT,+)1
L(XT,+)

T+(L(X)) [ΦT,+(XT,+|·)]X, (6)

where T+(L) =
⊎

ℓ∈L T+(ℓ), T+(ℓ) is the set of labels that
could spawn from ℓ at the next time step, and

ΦT,+(U |x, ℓ)=
[
ϕT,+(U ∩ (X×T+(ℓ))|x, ℓ; ·)

]T+(ℓ)
, (7)

ϕT,+(W |x, ℓ; ς)=
∑

(x+,ℓ+)∈W

δς [ℓ+]PT (x, ℓ; ς)fT,+(x+|x, ℓ; ς)

+ (1− 1L(W )(ς))(1− PT (x, ℓ; ς)). (8)



By convention, a spawn label is the parent label concatenates
with the time of spawn and the spawn index. Thus, T+(ℓ) =

{ζ(ℓ)1,+, ..., ζ
(ℓ)
NT ,+} = {(ℓ, k + 1, 1), ..., (ℓ, k + 1, NT )}, where

k + 1 is the next time step. We denote the space of all spawn
labels at the next time step as T+ = T+(L), hence L+ =
B+ ⊎ L ⊎ T+. Since B+, L, and T+ are disjoint, the overall
multi-object dynamic model is given by

f(X+|X)=fB,+(XB,+)fS,+(XS,+|X)fT,+(XT,+|X).
(9)

B. The Standard Multi-Sensor Observation Model

At each time step, we receive a multi-sensor observation
Z = (Z(1), ..., Z(V )) from V sensors. An object x = (x, ℓ)
could be detected on the vth sensor (v ∈ {1 : V }) with proba-
bility P (v)

D (x) or miss-detected with probability 1−P (v)
D (x). If

the object is detected on sensor v, it generates a measurement
z according to the likelihood function g(v)(z|x). The multi-
sensor data association map is defined as θ = (θ(1), ..., θ(V )),
where θ(v) : L → {0 : |Z(v)|} [10]. If θ(v)(ℓ) = 0,
object with label ℓ is miss-detected on sensor v, otherwise, the
measurement zθ(v)(ℓ) is assigned to the object. The observation
from each sensor might also include clutter measurements
which is modeled by a Poisson RFS with intensity function
κ(v). The multi-sensor likelihood function is given by [10]

g(Z|X) =
∑

θ∈Θ(L(X))

[
Ψ

(θ◦L(·))
Z (·)

]X
, (10)

where Θ(L) ⊆ Θ is the set of data association maps with
domain L, Ψ (j(1),...,j(v))

Z (x) =
∏V

v=1 ψ
(v,j(v))

Z(v) (x), and

ψ
(v,j)
{z

1:|Z(v)|}
(x) =

{
1− P

(v)
D (x), j = 0

P
(v)
D (x)

g(v)(zj |x)
κ(v)(zj)

, j > 0
. (11)

C. Filtering Recursion with GLMB Approximation

Our algorithm is based on an approximate prediction step and
the multi-sensor GLMB update. First, applying the Chapman-
Kolmogorov in (1) using the prior GLMB in (3) and the
transition density in (9) yields the predicted density [1]

π+(X+) =

∆(X+)
∑

(I,ξ)∈F(L)×Ξ

w
(I,ξ)
+ (L(X+))p

(I,ξ)(X+), (12)

where
w

(I,ξ)
+ (L) = w(I,ξ)1L∩L

I 1
L∩T+

T+(I) [1− PB ]
B+−L[PB ]

B+∩L, (13)

p(I,ξ)(X+) = [pB ]
X+∩X×B+

∏
ℓ∈I

∫
ΦS,+(X+ ∩X×L|x, ℓ)

× ΦT,+(X+ ∩ X× T+|x, ℓ)p(ξ)(x, ℓ)dx. (14)

The predicted density is approximated by a GLMB that matches
its first moment and cardinality distribution [15], i.e.,

π̂+(X+) = ∆(X+)
∑

(I,ξ)∈F(L)×Ξ

∑
I+∈F(L+)

w
(I,ξ)
+ (I+)

× δI+ [L(X+)][p̂
(I,ξ,I+)]X+ , (15)

where ⟨p⟩({ℓ1, ..., ℓn}) =
∫
p({(x1, ℓ1), ..., (xn, ℓn)})dx1:n,

p̂(I,ξ,I+)(x, ℓ)=

{
pB(x, ℓ), ℓ∈B+

1I+(ℓ)⟨p(I,ξ)((x, ℓ) ⊎ ·)⟩(I+−{ℓ}), ℓ /∈B+

.

(16)

Subsequently, given an observation Z+, applying the multi-
sensor GLMB update on (15) yields

π+(X+|Z+) ∝ ∆(X+)
∑

(I,ξ)∈F(L)×Ξ

∑
(I+,θ+)∈F(L+)×Θ+

w
(I,ξ,I+,θ+)
Z+

δI+ [L(X+)][p
(I,ξ,I+,θ+)
Z+

]X+ , (17)

where

w
(I,ξ,I+,θ+)
Z+

=w
(I,ξ)
+ (I+)1

{θ+}
Θ+(I+)[⟨p̂

(I,ξ,I+), Ψ
(θ+◦L(·))
Z+

⟩(·)]I+,
(18)

p
(I,ξ,I+,θ+)
Z+

(x, ℓ) ∝ p̂(I,ξ,I+)(x, ℓ)Ψ
(θ+◦L(ℓ))
Z+

(x, ℓ). (19)

IV. LINEAR GAUSSIAN IMPLEMENTATION

In this section, we present our assumptions and techniques
to implement the proposed algorithm.

A. GLMB Approximation

We assume the the surviving and spawning probabilities
only depend on the object labels, i.e., PS(x, ℓ) = P̄S(ℓ)
and PT (x, ℓ; ς) = P̄T (ς). The birth probability density func-
tion is a Gaussian, i.e., pB,+(·, ℓ) = N (·, µ(ℓ)

B , Q
(ℓ)
B ) (a

Gaussian with mean µ
(ℓ)
B and covariance Q

(ℓ)
B ). Further, we

also assume the survival and spawning transition densities
are linear Gaussian, i.e., fS,+(·|x, ℓ) = N (·, FSx,QS) and
f
(i)
T,+(·|x, ℓ; ζ

(ℓ)
i ) = N (·, F (i)

T x,Q
(i)
T ) (for the ith spawn from

ℓ). The term p(I,ξ)(X+) in (12) can be written as:

p(I,ξ)(X+) = w̄(I,ξ)(L(X+))p̄
(I,ξ)(X+), (20)

where w̄(I,ξ) is given in (21) and p̄(I,ξ) is given in (22). The
projection A :X×L 7→ X in (22) is defined as A((x, ℓ)) = x.

Thus, the approximate prediction density in (15) becomes

π̂+(X+) = ∆(X+)
∑

(I,ξ)∈F(L)×Ξ

∑
I+∈F(L+)

w̃
(I,ξ,I+)
+

× δI+ [L(X+)][p̃
(I,ξ,I+)]X+ , (23)

where
w̃

(I,ξ,I+)
+ = w

(I,ξ)
+ (I+) w̄

(I,ξ)(I+), (24)

p̃(I,ξ,I+)(x, ℓ) = 1I+(ℓ)⟨p̄(I,ξ)((x, ℓ) ⊎ ·)⟩(I+ − {ℓ}). (25)



w̄(I,ξ)(L) =[1− P̄S ]
I−L[P̄S ]

I∩L[1− P̄T ]
T (I)−L[P̄T ]

L∩T+ , (21)

p̄(I,ξ)(X+) =[pB ]
X+∩(X×B+)

∏
ℓ∈I

∫
(1− 1L(X+)(ℓ) + 1L(X+)(ℓ)fS,+(A(X+ ∩ X× {ℓ})|x, ℓ))× (22)

NT∏
i=1

(1− 1L(X+)(ζ
(ℓ)
i,+) + 1L(X+)(ζ

(ℓ)
i,+)f

(i)
T,+(A(X+ ∩ X× {ζ(ℓ)i,+})|x, ℓ; ζ

(ℓ)
i,+))p

(I,ξ)(x, ℓ)dx.

We also note the following Gaussian identity. If f(xi|x) =
N (xi, Fix,Qi) and p(x) = N (x, µ, P ), then

p(x1, ..., xn) =

∫
f(x1|x)f(x2|x)...f(xn|x)p(x)dx

= N



x1
x2
...
xn

 |


µ1

µ2

...
µn

 ,

Q11 Q12 · · · Q1n

Q21 Q22 · · · Q2n

...
... · · ·

...
Qn1 Qn2 · · · Qnn


 ,

where µi = Fiµ, Qii = FiPF
T
i + Qi, and Qij = FiPF

T
j .

Further, we also realize that the approximation

p(x1, ..., xn) ≈ p̂(x1)p̂(x2)...p̂(xn),

where p̂(xi) =
∫
p(xi, x1, ..., xn−1)dx1:n−1 = N (·, Fiµ,Qii),

is the same as the approximation of the joint density of the
unlabeled states given in (25). Thus, p̃(I,ξ,I+)(·, ℓ+) can be
computed independently of I+ as

p̃(I,ξ,I+)(·, ℓ+)=


N (·, µ(ℓ+)

B , Q
(ℓ+)
B ), ℓ+∈B+

N (·, FSµ, FSPF
T
S +QS), ℓ+=ℓ

N (·, F (i)
T µ, F

(i)
T P [F

(i)
T ]T +Q

(i)
T ), ℓ+=ζ

(ℓ)
i,+

,

for p(ξ)(·, ℓ) = N (·, µ, P ) is the prior single-object density.

B. Sampling for Multi-Sensor Data Association

Given the approximate predicted density and the multi-sensor
observation Z+ = (Z

(1)
+ , .., , Z

(V )
+ ), following [10], we define

the extended association map as

γ : B+ ⊎ I ⊎ T+(I) → {−1}V ⊎ Λ(1:V ),

where Λ(1:V ) = Λ(1) × ...× Λ(V ) and Λ(v) = {0 : |Z(v)
+ |}.

We apply the same Gibbs sampling technique with the
minimally Markovian proposal density as proposed in [10],
except the enumerated label set is now {ℓ1:P } = B+⊎I⊎T+(I)
and equation (39) in [10] is replaced by

η(v)n (j(v))=



(1− PB(ℓn))
δ1[v], ℓn∈B+, j

(v)=−1

(PB(ℓn))
δ1[v]ψ̄

(ξ,v,j(v))

Z
(v)
+

(ℓn), ℓn∈B+, j
(v)∈Λ(v)

(1− P̄S(ℓn))
δ1[v], ℓn∈I, j(v)=−1

(P̄S(ℓn))
δ1[v]ψ̄

(ξ,v,j(v))

Z
(v)
+

(ℓn), ℓn∈I, j(v)∈Λ(v)

(1− P̄T (ℓn))
δ1[v], ℓn∈T (I), j(v)=−1

(P̄T (ℓn))
δ1[v]ψ̄

(ξ,v,j(v))

Z
(v)
+

(ℓn), ℓn∈T (I), j(v)∈Λ(v)

.

where ψ̄
(ξ,v,j(v))

Z
(v)
+

(ℓ) = ⟨p̃(I,ξ,I+), ψ
(v,j(v))

Z
(v)
+

⟩(ℓ) (note that

p̃(I,ξ,I+) does not depend on I+ in our implementation as
discussed above). We also assume the detection probability
depends only on object labels, i.e., P (v)

D (x, ℓ) = P̄
(v)
D (ℓ) and

the single-object likelihood function is linear Gaussian1, i.e.,
g(v)(·|x, ℓ) = N (·|H(v)x,R(v)). Thus, the Bayes evidence
terms ψ̄

(ξ,v,j(v))
Z+

(ℓ) can be computed analytically. After ob-
taining the multi-sensor data association samples from the
Gibbs sampler (using Algorithm 2 in [10]), we can analytically
compute the updated weights and the single-object densities
according to (18) and (19), respectively.

V. EXPERIMENTAL RESULTS

To evaluate the performance of the proposed method, we
construct a 3D tracking scenario with object spawning. The
total number of trajectories is 22 and the tracking volume
is [−1000m, 1000m]3. The lineage information of the ground
truth objects are given in Table I. We test three multi-sensor
algorithms: multi-sensor GLMB with the minimally Markovian
proposal with object spawning (MM-Spawn) and without object
spawning (MM-No Spawn); and the iterated corrector multi-
sensor GLMB with object spawning (IT-Spawn).

We model the 3D state vector as [px, ṗx, py, ṗy, pz, ṗz].
There are four birth regions modeled by an LMB with four
components, each has the existence (birth) probability of 0.03.
The state probability density functions of the components are:

• Region 1: N (·, [0.1, 0, 0.1, 0, 0.1, 0]T , 100⊗ I6);
• Region 2: N (·, [400, 0,−600, 0, 200, 0]T , 100⊗ I6);
• Region 3: N (·, [−800, 0,−200, 0,−400, 0]T , 100⊗ I6);
• Region 4: N (·, [−200, 0, 800, 0, 600, 0]T , 100⊗ I6);

where In is the n-D identity matrix, and ⊗ denotes the
Kronecker multiplication. The survival state transition matrix
and the process noise covariance are given respectively as

FS =

[
1 1
0 1

]
⊗ I3 and QS = 25×

[
1/4 1/2
1/3 1

]
⊗ I3.

The spawning state transition matrix and the process noise
covariance are given respectively as

F
(i)
T =

[
1 0
0 0

]
⊗ I3 and QT = 50⊗ I6,

1Although we assume linear Gaussian in this work for efficiency, more
complicated models can also be handled, e.g., using particle representation.



Table I: Ground truth birth and spawning events. The ‘Parent’
column indicates the ID of the parents. Linages with more than
one object are bolded and highlighted in different colors.

ID Birth Region Start Time Parent Generation

1 1 1 - 0
2 1 10 1 1
3 1 10 1 1
4 1 30 2 2
5 2 1 - 0
6 2 15 5 1
7 2 15 5 1
8 2 15 5 1
9 2 35 6 2

10 3 1 - 0
11 3 20 10 1
12 3 35 11 2
13 4 40 - 0
14 4 50 13 1
15 2 20 - 0
16 2 20 - 0
17 1 20 - 0
18 3 40 - 0
19 3 60 - 0
20 4 60 - 0
21 1 80 - 0
22 4 80 - 0

for i ∈ {1 : 5} (i.e., each object can spawn up to 5 objects
at each time step). The survival and spawn probabilities are
constants of 0.99 and 0.03, respectively. The single-sensor
observation matrix and covariance of the noise are

H(v) =

 1 0 0 0 0 0
0 0 1 0 0 0
0 0 0 0 1 0

 and R(v) = 100⊗ I3,

respectively, for v ∈ {1 : 4}. The detection probability of
the sensors is 0.8 and the (uniform) clutter rate is 20. The
experiment is run over 100 Monte Carlo (MC) trials.

We use OSPA(2) metric [11], [37] to evaluate the distance
(with localization and cardinality components, average across
MC runs) between the estimates and the ground truth. Figure
1 indicates that MM-Spawn exhibits the lowest OSPA(2) error
among the tested filters. IT-Spawn shows the worst cardinality
estimation while its localization error is similar to one of the
MM-No Spawn. The inferior performance of the IT-Spawn
filter is due to the inaccurate update step. The MM-No Spawn
does not perform well since it cannot predict the existence
of spawned objects. To investigate the lineage estimation per-
formance, we plot the average numbers (across all MC runs)
of birth and spawning events from 4 birth regions in Figure
2. To avoid reporting false tracks, we only count an event if
the corresponding object survives for more than 5 time steps.
Compare to the ground truth in Table I, there are one or
two time steps delays for the filter to initialize new tracks.
Nevertheless, the overall lineage information is correct across
MC runs, verifying the efficacy of our technique in estimating
lineage information. On average, for the tested scenario and our
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Figure 1: Mean OSPA(2) errors for different algorithms.

implementations, MM-No-Spawn has the fastest computation
time, averaging 7.81 seconds per time step. The proposed
technique takes approximately four times as long as MM-
No-Spawn, while IT-Spawn takes about 1.4 times as long.
The runtime increase is due to the higher number of tracks
and hypotheses required for object spawning, and the multi-
dimensional assignment problem in MM-Spawn.

VI. CONCLUSION

We have proposed an algorithm to estimate object trajectories
and lineage information leveraging the advancement in LRFS.
Our technique approximates the predicted multi-object density
by a GLMB to achieve closed-form filtering recursion. To han-
dle multi-sensor observation, we apply the multi-sensor GLMB
update step using Gibbs sampling with a minimally Markovian
proposal for efficiency. Experimental results demonstrate the
efficacy of our technique in estimate 3D trajectories and their
lineage. Future research will focus on different approximation
techniques as well as extension to more complicated models.
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