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Abstract— This paper presents the design and validation of
an Extend Kalman Filter (EKF) for Simultaneous Localization
and Mapping with Moving Objects Tracking (SLAMMOT) with
application to unmanned aerial vehicles (UAVs) in uncertain
and dynamic environments. The proposed solution includes the
tracking of Moving Objects (MO) using the Multiple Hypothesis
Tracking (MHT) method, as well as the identification of
the motion models of the environment’s objects applying the
Interacting Multiple Model (IMM) algorithm. The consistency
and performance of the devised SLAMMOT filter is successfully
confirmed with simulation results.

I. INTRODUCTION

Simultaneous Localization and Mapping (SLAM) algo-
rithms emerged with the pursuit of robots ability to au-
tonomously navigate, exploit or execute tasks, particularly,
in unknown environments where traditional methods, such
as dead reckoning, satellite navigation or odometry, lack
performance or are unreliable. However, almost all SLAM
methods consider a static environment, which in most real-
life applications is not a reasonable assumption. Wang and
Thorpe prove in [1] that the implementation of a SLAM
solution in a dynamic environment leads to inconsistent re-
sults since the previous assumption is violated. Simultaneous
Localization and Mapping with Moving Objects Tracking
(SLAMMOT) arises as the solution to accurately identify
the surroundings, all the obstacles and objects in dynamic
environments that are more true-to-life and, consequently,
without decreasing the location and mapping performance.

Several research teams have contributed with relevant
work in extending SLAM methods to include the detection
and tracking of moving objects, such as the work by Wang et
al. [2], where a solution for SLAMMOT is described based
on the partition of the measurements into two groups: static
objects (SO) and moving objects (MO). Having established
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two groups of objects, only SO are used for the robot pose
estimation. To detect MO, the environment is represented
using occupancy grid mapping together with the use of two
different detection methods: a consistency-based and a mov-
ing object map-based. To initialize the MO, the Interacting
Multiple Models (IMM) algorithm [3][4] is used, and to
perform data association of MO, the Multiple Hypothesis
Tracking (MHT) method is applied [5]. This work was
further extended by Lin and Wang [6], where a stereo-based
SLAMMOT approach is proposed, based on the monocular
SLAMMOT framework. Another solution proposed by Vu,
Burlet and Aycard [7] describes an approach where MO are
detected and tracked using an adaptive IMM filter coupled
with the MHT method. Local mapping is performed as a
maximum likelihood estimation matching problem, using
the vehicle dynamics and all the previous local maps that
only have represented SO. Wolf and Sukhatme present in
[8] a method that uses a probabilistic observation model to
differentiate SO from dynamic objects and then only use
SO to perform localization. Altogether, all these approaches
to the SLAMMOT problem essentially convert a dynamic
environment into a static environment by detecting MO, so
they can be excluded from the pose estimation.

The main contribution of this paper is to provide a
SLAMMOT method that addresses the existence of static
and dynamics elements in the environment, and uses the
information of all these elements fused with vehicle dynamic
information, in order to obtain a robust solution.

The algorithm proposed in this paper uses an Extended
Kalman Filter (EKF) combined with the detection and track-
ing of MO. The detection of MO is performed using the IMM
algorithm and the data association of all objects is performed
using the MHT method. Contrary to most of the available
algorithms, the proposed filter makes use of the static and
dynamic objects in the environment to compute the vehicle
and objects trajectory estimates.

The remainder of this paper is structured as follows. Sec-
tion II contains a brief description of the problem, including
all system dynamics. Section III outlines the filter design
that includes data association, moving objects detection and
tracking, and loop closure methods. Simulation results that
confirm the effectiveness of the filter are presented in Section
IV. Conclusions and future work are discussed in section V.

II. PROBLEM STATEMENT

This section presents in detail the problem of designing a
SLAMMOT method for an aerial vehicle, embedded in an
unknown dynamic environment. The vehicle dynamics are



presented, as well as the considered linear motion models
for the environment objects.

A. System Dynamics
Let W denote the world-fixed reference frame, B the

drone body-fixed reference frame and W
BR(t) ∈ SO(2)

encode the rotation matrix from B to W . Let also p(t) ∈ R2

denote the position of B, described in W , and vB(t) ∈ R2

the linear velocity of the vehicle relative to W , expressed in
B. The linear motion kinematics of the drone is given by

ṗ(t) = v(t), (1)

with

v(t) =
W
BR(t)vB(t) (2)

and

W
BR(t) =

[
cos(ψB(t)) − sin(ψB(t))
sin(ψB(t)) cos(ψB(t))

]
, (3)

where ψB(t) represents the yaw of the drone relative to
W , expressed in B. The velocity and the yaw are inputs
to the system and are denoted by the control vector u(t) =[
vB(t) ψB(t)

]T ∈ R3.
A dynamic environment involves static and moving ob-

jects. The position of SO is constant throughout time, but MO
can describe multiple motion models. In the proposed formu-
lation, we consider that both types of objects describe linear
motion models, with SO describing a Constant Position (CP)
model and the MO only describing a Constant Velocity (CV)
model. Let pi(t) ∈ R2 denote, the position of the i-th object,
described in W . Thus, the considered kinematics models are
given by

ṗi(t) = 0 (4)

if the considered object describes a CP model or

p̈i(t) = 0 (5)

if, in contrast, the object describes a CV model.
All the acquired measurements with regard to the en-

vironment objects are relative to the drone’s position. Let
zOi ∈ R2 denote the measure of the i-th object, hence, we
have that the measurement model is given by

zOi
(t) = pi(t)− p(t). (6)

In this SLAMMOT formulation, the full state vector
comprises the information regarding the drone and all the
detected objects, whether they are static or moving, described
in the world-fixed reference frame. The drone’s position is
the only variable included on the drone’s state space vector
and the objects state space vector is composed by the objects’
position and velocity, yielding, respectively, xV (t) := p(t) ∈
R2 and xOi

(t) :=
[
pTi (t) vTi (t)

]T ∈ R4, with vi(t) ∈ R2

denoting the velocity of the i-th object. Consequently, with n
observed landmarks, the full state space vector is represented
by x(t) :=

[
xTV (t) xTO1

(t) ... xTOn
(t)
]T ∈ R2+4n.

B. Problem Statement

This paper addresses the problem of designing a SLAM-
MOT filter for improved and comprehensive perception of
the surroundings of autonomous vehicles, in particular for
aerial vehicles in 2-D (constant altitude), in dynamic envi-
ronments, incorporating the information of both static and
moving objects into the filter dynamics.

III. FILTER DESIGN

This section describes the design of the proposed SLAM-
MOT filter. A discrete-time Extended Kalman filter is de-
signed, together with a Multiple Hypothesis Tracking im-
plementation to perform data association and the Interacting
Multiple Model algorithm to identify the motion model of
each environment object. The overall algorithm is repre-
sented in Fig. 1.
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Fig. 1. Flowchart of the algorithm. Gray ovals are data and rectangles are
processes.

A. Data Association

Data association is one of the challenges in SLAMMOT
formulations. Robust data association is essential to the filter,
reducing the estimates uncertainty, yielding better motion
model identification, and allowing correct loop closure to oc-
cur. The proposed algorithm applies the Multiple Hypothesis
Tracking method [5] to perform data association of SO and
also to perform data association and tracking of MO. This
method evaluates all the association hypotheses and prunes
those with lower probability, keeping the hypotheses with
higher probability to be used, whenever new measurements
are available, to calculate the likelihood of the new hypothe-
ses. The MHT algorithm can be used, differently, for two
types of sensors. The first type of sensor, besides the position
measurements information, can provide direct or indirect
information regarding the number of targets within that set of
measurements, whereas the second only provides the position
measurements. In the latter formulation, all features detected
are considered objects and, for this reason, the number of
objects is available.

The performance of the MHT method is optimal in
the sense that it considers every hypotheses at every step
[9]. Nonetheless, this makes the MHT grow exponential
in complexity. As a result, pruning methods need to be
applied to decrease the complexity, resulting in suboptimal
performance. As mentioned in [2] and further detailed in
[10], [11] and [12], the MHT is more robust than other
approaches, such as the Probabilistic Data Association Filter
(PDAF) [13], the Joint Probabilistic Data Association Filter
(JPDAF) [14], or the Global Nearest Neighbor (GNN) [15].



B. Moving Objects Detection and Tracking

In SLAMMOT, accurate identification of the motion
model described by the environmental objects is crucial
to retrieve better data association of the SO and tracking
of the MO. In this formulation, model identification is
carried out using the Interacting Multiple Model algorithm,
originally proposed by Blom and Bar-Shalom [3][4]. The
IMM algorithm with r possible motion models computes r
filters to estimate the state based on each model, returning
the probability of a given object describing a given model
and the mixed state based on the probability. This IMM
implementation only considers the CP and CV models and,
as a result, uses two filters. As output, it only returns the
probability of each model and no state mixing is performed.

Blom and Bar-Shalom have shown that the IMM method
outperforms the Generalized pseudo-Bayesian of first order
(GPB1) [16] and performs similarly to the Generalized
pseudo-Bayesian of second order (GPB2), using only r filters
instead of r2. On a study by Pitre et al. [17] the IMM
method is considered to have a robust performance with the
lowest computational complexity, among all the considered
algorithms.

C. Loop Closure

Loop closing consists of the identification of a previously
visited area, which enables the reduction of the uncertainty
associated with the landmarks, or SO, and, for this reason,
decreases the uncertainty related to the vehicle state estima-
tion. The EKF tends to underestimate both the vehicle and
objects uncertainty, which can lead to inconsistencies and
not allowing the recognition of previously seen landmarks
only using MHT. A simple loop closure algorithm can be
based on the creation of two groups of landmarks, the recent
landmarks and the old landmarks, wherein a landmark is
considered old if a certain time has passed since the last
observation of that landmark. Then, for all the old landmarks,
a modified version of the MHT algorithm is applied, where
the validation area for data association, based on the vehicle
and objects covariance, is increased.

D. Extended Kalman Filter

For data fusion, a discrete-time Extended Kalman Filter
was designed to estimate the vehicle and objects states. When
measurements are available, the previous predicted state is
used in the MHT algorithm to perform data association, and
consequently to estimate the next state. Each prediction step
of the objects’ state is performed based on the motion models
detected by the IMM.

1) Discrete dynamics: Consider xk := x(tk), zk :=[
zTO1

(tk) ... zTOn
(tk)

]T
and uk := u(tk), with tk =

t0 +kTs, k ∈ N0 and t0 as the initial time. Thus, the forward
Euler discretization of the system dynamics yields{

xk+1 = f(xk,uk+1) + wk+1

zk+1 = h(xk+1) + nk+1

, (7)

where f is the state transition function, obtained via (1) and
(4) and/or (5), and h is the observation model function,
obtained using (6), with wk ∈ R2+4n and nk ∈ R2n

representing the correspondent process and measurement
noise, which are assumed to be zero-mean, discrete-time
white Gaussian noise, uncorrelated and time-invariant.

2) Prediction Step: The prediction equations handle the
full state vector, however, the objects state vectors are only
propagated based on the transition matrix of the motion
model that the object describes. Therefore, the prediction
equations are{

x̂k+1|k = f(x̂k|k,uk+1)

Σk+1|k = Fk+1Σk|kF
T
k+1 + Ξk+1

, (8)

where x̂k|k denotes the estimated state vector and Σk|k the
estimated covariance matrix. The process noise covariance
matrix is defined as Ξk+1 = diag(ΞV , ΞO) with ΞV and ΞO
representing the process noise covariance matrix regarding
the vehicle and objects dynamic, respectively. The former is
2 × 2 matrix defined as ΞV = ΘΛΘT , with Λ = diag(σ2

vB
,

σ2
ψB

), and σvB
∈ R and σψB

∈ R representing the process
noise standard deviations, regarding the velocity norm and
yaw, respectively. The jacobian matrix of the system equation
with respect to the process noise is defined as Θ = ∂f

∂u

∣∣∣
uk+1

.
The latter, ΞO with size 4n × 4n, is defined as ΞO =
diag(ΞO1, ..., ΞOn) with ΞOn representing the process
noise of each individual object. The objects’ process noise
covariance matrix adapts according to the motion model
described by each object, thus, if an object is describing a
CP model, the matrix is given by

ΞOn =
[
04×4

]
, (9)

whereas if the object is describing a CV model, the matrix
definition follows the configuration presented in [18], given
by

ΞOn = q∆t


∆t2

3 0 ∆t
2 0

0 ∆t2

3 0 ∆t
2

∆t
2 0 1 0
0 ∆t

2 0 1

 , (10)

where q is a filter parameter representing the noise spectral
density with units of m2/s3. Additionally, the full transition
matrix is defined as Fk = diag(FV , FO), with FV denoting
the vehicle transition matrix, given by FV = I2. The
transition matrix of the objects is given by FO = diag(FO1,
..., FOn) with FOn representing the transition matrix of each
individual object. For objects describing a CP model, it is
given by

FOn =


1 0 0 0
0 1 0 0
0 0 0 0
0 0 0 0

 , (11)



and for those that describe a CV model, it is given by

FOn =


1 0 ∆t 0
0 1 0 ∆t
0 0 1 0
0 0 0 1

 . (12)

3) Update Step: The update step occurs every time a set
of measurements is available. If an object is observed for
the first time, the measurements vector zk is updated with
the new observations, and then, based on these observations
the full state vector is augmented with the positions of the
new objects. If the objects were earlier observed, only the
measurements vector is updated. Afterwards, the standard
EKF update equations are applied, defined as

ỹk+1 = zk+1 − h(x̂k+1|k)

Sk+1 = Hk+1Σk+1|kH
T
k+1 + Γk+1

Kk+1 = Σk+1|kH
T
k+1S

−1
k+1

, (13)

where the measurement residual is defined as ỹk+1, Sk+1

represent the residual covariance, Kk+1 is the Kalman gain,
followed by the estimative equations, given by{

x̂k+1|k+1 = x̂k+1|k +Kk+1ỹk+1

Σk+1|k+1 = (I −Kk+1Hk+1)Σk+1|k
, (14)

where x̂k+1|k+1 and Σk+1|k+1 denote, respectively, the up-
dated state and covariance matrix. The measurement noise
covariance is expressed as Γk+1 ∈ R2n×2n, and defined
as Γk+1 = diag(σ2

m), where σm represents the standard
deviation of the observation noise. The measurement matrix
Hk ∈ R2n×2+4n is defined as

Hk =
∂h

∂x
=


−I2 I2 . . . 02×2 02×2

...
...

. . . . . . . . .
−I2 02×2 . . . I2 02×2

 (15)

when a total of n objects have been observed and the respec-
tive measurements are all available. If a measurement of an
already observed landmark is not available, the measurement
matrix changes in order to describe that the considered
measurement is not available. For instance, if a total of three
objects were observed but if only measurements related to
the latter two are available, the measurement matrix is given
by

Hk =

02×2 02×4 02×2 02×2 02×2 02×2

−I2 02×4 I2 02×2 02×2 02×2

−I2 02×4 02×2 02×2 I2 02×2

 . (16)

IV. SIMULATION RESULTS
This section describes the simulation details and presents

the results for the formulated SLAMMOT problem, followed
by the discussion and interpretation of these results, that
show the convergence and consistency of the chosen filter
design approach. All simulations have been performed in
MATLAB R2018b.
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Fig. 2. Estimation and odometry error norm. Gray areas represent time
with no measurements available.

A. Environment

The simulated environment consists of a indoors scenario,
with 36 SO representing the corners along the corridors. The
drone performs the trajectory represented in Fig. 5 at an
average speed of 5 m/s, in 46.75 s, detecting 35 SO. During
its trajectory, the drone detects 4 different MO, with different
velocities. The MO 1 and 2 are detected on the first lap,
whereas the MO 3 and 4 are detected on the second lap.

B. Filter Parameters

The filter parameters include the EKF, MHT and IMM
parameters, as well as the necessary time threshold to des-
ignate an object as old in order to be considered for loop
closure. The state disturbance variables are σvB

= 0.05 m/s
and σψB

= 5◦, and the observation noise is considered to
be σm = 5 cm, although the standard deviation of the noise
added to the measurements of the objects is 2.5 cm. When an
object is observed for the first time, its uncertainty regarding
the position is initialized with σm in each direction, and
with a standard deviation with regard to the velocity of 3
m/s in each direction. To avoid an exponential growth in
the MHT hypotheses, at each step, only the 2 hypotheses
with the highest probability are kept, and for the prediction
process noise, the noise spectral density is set to 250 m2/s3.
Finally, an object is considered old if is not seen for more
than 10 seconds, and the algorithm starts to close the loop
as soon as an old object is available.

C. Results

Firstly, the overall filter performance can be evaluated
through Fig. 2, which shows that the estimation error norm
is considerably lower than the odometry error norm, partic-
ularly after 24 seconds of simulation, where multiple and
consecutive loop closure procedures start to happen.

In Fig 3(a) and Fig 3(b) the estimation error and standard
deviation of five revisited SO is shown, respectively. The
uncertainty of these five SO substantial decrease twice, with
the estimation error decreasing when the objects are re-
observed.

The evolution of the number and type of objects that are
observed is shown in Fig. 4. After t = 24 s, the number of
SO does not increase since each re-observed SO is correctly
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Fig. 3. Estimation error and standard deviation of five revisited SO.
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Fig. 4. Evolution of the number of different objects.

assigned to a previously seen object. The total number of
estimated SO and MO match the number of objects seen
during the drone’s trajectory.

Lastly, the drone’s estimated trajectory, as well as the MO
trajectory and SO position, are shown in Fig. 5. The final
estimated velocities and yaw of each MO were, respectively,
vMO1 = 4.18m/s, vMO2 = 5.94m/s, vMO3 = 4.84m/s,
vMO4 = 4.88m/s and ψMO1 = −6.45◦, ψMO2 = 179.72◦,
ψMO3 = 87.96◦, ψMO4 = −173.05◦, which compares well
to the true values, see the legend of Fig. 5.

These simulation results validate the performance of the
algorithm. It is shown that the proposed filter outperforms
the odometry and allows for loop closure to occur, with
low values of uncertainty with regard to the objects state
estimation. The use of the MO estimates in the filter implies

that this information also contributes to the vehicle trajectory
estimation. Taking into account the presented results, it is
also considered that the MO estimates are consistent.

V. CONCLUSIONS

This paper presented the design and performance evalu-
ation, employing simulation procedures, of an EKF-based
SLAMMOT. The main focus of this work was to address
the existence of both static and moving objects in the
environment and evaluate the performance of an EKF-based
SLAMMOT when all the available information is used for
estimation purposes. The consistency and convergence of
the algorithm were confirmed with simulation results. Future
work includes the incorporation of a third model, constant
acceleration (CA), in the IMM algorithm, the improvement
of the MHT algorithm by implementing the Murty’s algo-
rithm [19], and the implementation of a hybrid approach for
data association, where SO are identified using a less com-
putational expensive algorithm. Additionally, the purposed
algorithm could be extended to a sensor-based approach
using a Kalman Filter, rather than an EKF [20].
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