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Abstract This paper addresses the problem of simultaneous localization, mapping, and
moving object tracking (SLAMMOT) with application to unmanned aerial vehicles inside
uncertain environments with both static and moving objects. Although this problem has
been addressed by the community, the usual approach is to identify the moving objects and
remove them from contributing to the localization and mapping algorithm. Conversely, the
proposed strategy integrates the moving objects in the vehicle motions estimation, without
compromising its accuracy. The proposed solution is based on the design of: i) an extended
Kalman filter (EKF); ii) a modified version of the multiple hypothesis tracking method to
perform data association and track moving objects; and iii) and the interacting multiple
model algorithm to identify the motion models described by the environment’s objects. The
performance of the devised SLAMMOT filter is studied in simulation and validated with a
new public experimental dataset using an RGB-D camera on-board an instrumented quadro-
tor with ground-truth.

Keywords Dynamic environments · Simultaneous localization, mapping, and moving
objects tracking · Unmanned aerial vehicles · Kalman filter

1 INTRODUCTION

With the steady increase in the use of unmanned aerial vehicles (UAVs) for demanding ap-
plications, such as the inspection of pipelines or wind turbines, relying on remote pilots can
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be ineffective or even impossible. Solutions to this challenge require higher degrees of au-
tonomy for the systems on board UAVs (also known as drones), among which the use of
simultaneous localization and mapping (SLAM) is by now a standard capability. This type
of algorithms allows the navigation, exploration, and execution of tasks in unknown envi-
ronments, where other partial methods may lack performance or reliability by themselves.
For instance, techniques that rely exclusively on odometry or inertial measurement units
(IMUs) have cumulative errors [1], not guaranteeing consistent results when used without
other sources of information. On the other hand, relying exclusively on global positioning
system (GPS) receivers may not be entirely possible for indoor environments and result in
poor performance for outdoor locations where buildings or natural topology can degrade
the GPS signal. The use of other sensors is common for SLAM and for localization and
tracking algorithms [2,3], where the most usual include RGB and RGB-D cameras [4–7],
LiDAR [8], and also SONAR [9,10].

Although SLAM algorithms provide a good solution for many mapping and localiza-
tion problems, they often assume that the environment is static, which may be a restrictive
assumption in many applications. As shown in [11], this assumption leads to inconsistent
results when a SLAM algorithm is applied in a dynamic environment, since this solution
does not take into consideration dynamic objects. Simultaneous localization, mapping, and
moving objects tracking (SLAMMOT) algorithms are an extension of SLAM methods, in
which dynamic objects are considered, providing accurate identification of all objects in the
environment, which can be used to obtain more consistent and accurate estimates for the
robot localization and surrounding map.

The SLAMMOT literature includes valuable and relevant implementations, such as the
algorithm proposed in [12]. This solution is based on the partition of measurements in two
groups, the static objects (SOs) and the moving objects (MOs), where only the former are
used for the robot pose estimate. The map and objects are represented in local occupancy
maps [13] and the detection of MOs is performed using a consistency-based [11] and a
moving object map-based detectors. Association of MOs is performed using the multiple
hypothesis tracking (MHT) algorithm [14], whereas MOs are initialized using the interact-
ing multiple models (IMM) algorithm [15][16]. For data fusion, an extended Kalman filter
(EKF) is applied, using only information regarding the SOs of the environment, whereas
the loop closure is achieved by feature matching between local maps. Lin and Wang [17]
subsequently purposed a stereo-based solution of the previous work. Wolf and Sukhatme
approach [18] is based on the representation of two occupancy grid maps, one only con-
taining SOs and the other for the MOs. Based on the first map, MOs are detected using the
occupancy grid formulation similar to [11]. An EKF is used for the robot and landmarks
estimations. A solution proposed by Vu, Burlet and Aycard [19] also represents local maps
using the occupancy grid framework and the vehicle localization is performed considering
the matching problem as a maximum likelihood estimation, using the vehicle’s dynamics
and all the previous local maps, that only account for SOs. The detection and tracking of
MOs are done using an adaptive IMM algorithm with 16 motion models, coupled with the
MHT method. A common trait to all these SLAMMOT solutions is that they detect and
exclude all MOs from the estimation filters, thus rendering a dynamic environment into a
static environment.

Scenarios where typical SLAMMOT strategies might show their handicap include envi-
ronments where, excluding the moving objects, the remaining static landmarks might not be
enough to provide an accurate SLAM solution. In these cases, including the moving objects
in an integrated fashion can help improve the localization and mapping accuracy. In contrast
with the usual strategies, the proposed solution provides a SLAMMOT filter that uses the
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information of all elements available in the environment, both static and moving objects,
fused with the vehicle’s dynamic information. The main contribution of this paper relies
on this novel filter, which is thoroughly analyzed in simulation and validated with a new
public experimental dataset. The proposed algorithm relies on concepts of linear and non-
linear system theory, Kalman filtering, target-measurement assignment, and target tracking,
geared towards establishing conditions for convergence. The identification of SOs and MOs
is achieved using the IMM algorithm, the data association of all objects in the environment
and tracking of MOs is performed using a modified version of the MHT method, whereas
an EKF is used for data fusion purposes. This paper builds on a preliminary version of this
work presented in [20], providing an in-depth presentation of the method and simulation
results, as well as the validation of the proposed method with an experimental dataset.

The remainder of this paper is organized as follows. The system dynamics and the prob-
lem statement are provided in Section 2, while Section 3 introduces the filter design, in-
cluding data association, object detection and tracking, as well as loop closure methods.
Simulation results are presented in Section 4 and experimental results that confirm the ef-
fectiveness of the filter are shown in Section 5. Conclusions and future work are discussed
in Section 6.

2 Problem Definition

This section presents in detail the formulation and design of the filter as solution for the
SLAMMOT problem, with application to an aerial vehicle in unknown dynamic environ-
ments. The full system is described and includes the dynamics of the vehicle and objects, as
well as the measurement model.

2.1 System Dynamics

Consider W as the world-fixed reference frame, B the vehicle’s body-fixed reference frame,
WpB(t) ∈ R2 the position of B described in W , and vB(t) ∈ R2 the linear velocity of
the drone relative to W , expressed in B. Accordingly, the equation that describe the motion
kinematics of the drone is given by

W ṗB(t) = vB(t), (1)

with

vB(t) = v(t)

[
cos(ψ(t))
sin(ψ(t))

]
, (2)

where v(t) ∈ R and ψ(t) ∈ R represent, respectively, the linear velocity norm and yaw of
the drone relative to W , expressed in B.

The essential condition of a dynamic environment is that includes both static and mov-
ing objects. Although the position of a SO in W is constant over time, a MO may require
multiple motion models. Our formulation, defines that the motion models of both types of
objects is linear, i.e., SOs describe a constant position (CP) model and MOs only describe
a constant velocity (CV) model. As a result, with Wpi(t) ∈ R2 representing the position of
the i-th object in W , the kinematics of a static object is given by the CP model

W ṗi(t) = 0 (3)
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while a moving object considers the CV model given by
W p̈i(t) = 0. (4)

Although the considered moving object model is the simplest possible, considering a con-
stant linear velocity, the use of a Kalman filter will enable the proposed strategy to tackle
moving objects with a slowly time-varying linear velocity vector. By considering in its def-
inition process and measurement noises, Kalman filters allow us to work with corrupted
measurements and erroneous models, which in this case enables us to use simpler dynamics
and adjust the process covariance matrices to define to what extent we can accept deviations
from this model. Furthermore, other models can be considered using the proposed strategy,
for instance, accounting for constant linear acceleration or constant angular velocity.

The proposed filter requires the acquisition of a series of measurements over time, with
respect to the surroundings and the drone’s motion. In this formulation, the velocity norm
and the yaw angle are considered as the inputs to the system and available as the control
vector u(t) =

[
v(t) ψ(t)

]T ∈ R2. In practice, the heading of the vehicle can be com-
puted using an IMU equipped with a magnetometers, usually resorting to filters dedicated
to attitude estimation. On the other hand, the velocity norm can be obtained from odometry
sensors in the wheels of ground vehicles, or using optical flow sensors in the case of aerial
vehicles. With a slight abuse of the term, we refer to these quantities as the vehicle odometry,
as these variables are considered as a known input corrupted by noise, defined as

vm(t) = v(t) + nvm(t) (5)

ψm(t) = ψ(t) + nψm
(t) (6)

with vm(t) ∈ R and ψm(t) ∈ R representing, respectively, the sensors measurements of
the velocity norm and yaw of the drone. The associated disturbances, nvm(t) ∈ R and
nψm

(t) ∈ R, are assumed to be zero-mean white Gaussian noise with standard deviation
σvm and σψm

, respectively.
The information with respect to the surroundings is acquired by measurements that de-

scribe the relative position between the position of the drone and environment’s objects po-
sition, both represented in the world-fixed reference frame. Let yi ∈ R2 denote the measure
with regard of the i-th object, thus, the measurement model is given by

yi(t) = (Wpi(t)−WpB(t)) + ny(t), (7)

that it is also corrupted by zero-mean white Gaussian noise, ny(t) ∈ R2, with standard
deviation σy in each component.

In this formulation, the complete state vector can be decomposed into the vehicle and all
objects information. The vehicle information only comprises the drone’s position, xV (t) :=
WpB(t), while the state of the i-th object is composed by its position and velocity vec-
tors, xOi

(t) :=
[
WpTi (t)

W vTi (t)
]T , where W vi(t) ∈ R2 denotes the velocity of the

object, described in W . Thus, with n observed objects, the complete state space vector is
represented by x(t) :=

[
xTV (t) xTO1

(t) . . . xTOn
(t)
]T ∈ R2+4n.

2.2 Problem Statement

This research presents the design of a SLAMMOT filter, for aerial vehicles, that acknowl-
edges the existence of static and dynamic elements in the environment, and, in particular,
incorporates the information provided by all these objects into the filter.
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Fig. 1 Overall SLAMMOT algorithm, where the gray ovals denote data input and rectangles represent the
main processes.

3 Filter Design

The design of the filter is presented in this section. The main components of the overall
algorithm are presented in Fig. 1, where at each instant for which there are object observa-
tions, the first step of the algorithm is the data association. In this step, the MHT keeps track
of several possibilities of objects of the environment that can be associated with objects in
the state, keeping a collection of hypothesis in the form of measurement matrices, that can
be further justified or falsified with future observations. Given the most probable measure-
ment matrix computed by the MHT, the update step of the EKF can be performed with the
information of both static and moving objects. To identify which dynamic model best fits
each of the objects in the state of the filter, the IMM algorithm computes the EKF update
and prediction steps for each motion model and for each state object, with their respective
probabilities. Given the most probable model for each object, the last step is to compute the
prediction step of the main EKF filter, to be used in the next iteration of the filter. In the
remaining of this section, each of these steps will be further detailed.

3.1 Data Association

The target-measurement assignment problem consists of correctly associating, over time,
each available measurement with the corresponding object. This data association process is
required to be robust and consistent, to ensure that the uncertainty and error of the estimates
decreases. Additionally, in SLAMMOT formulations, it is essential for convergence of the
objects’ motion model identification and tracking of MOs. Moreover, the effectiveness of
data association allows loop closure to occur.

The proposed algorithm uses a modified version of the MHT method to track both SOs
and MOs. The MHT algorithm works in a two-step process. The first step is related to the
hypotheses generation, by mapping the elements of the objects observations vector at each
instant zk := [zT1 (k) . . . zTnz

(k)]T with the existing objects in the state vector to define
the measurement vector as yk := Hkxk. An object is only associated with a measurement
if the latter lies within the object’s validation region and, consequently, the hypotheses that
are generated do not contain associations between targets and measurements that are not
inside targets’ validation region. This validation region depends on the objects’ state and
respective uncertainty, and also on the assumed observation noise. This region is known
as the η-sigma validation region, since its size is variable and controlled by the empirical
rule [21]. Then, in the second step the probability of each hypothesis is computed and this
calculation depends on the type of the sensor that is available. The first type of sensor can
provide position measurements and information regarding the number of targets within that
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set of measurements, while the second does not provide the number of objects. In the pro-
posed formulation we assume that each measurement is related to one target and, for this
reason, the number of objects at each scan is available. In addition, it is assumed that there is
no false measurements. Consequently, the probability calculation depends on the following
parameters (further details in [14]):

– Probability of detection (PD);
– Density of new targets (βNT );
– Density of false targets (βFT );
– Number of measurements associated with prior targets (NDT );
– Number of measurements associated with false targets (NFT );
– Number of measurements associated with new targets (NNT );
– Number of previously known targets (NTGT );
– Likelihood of a measurement be associated with a target.

According to the previous assumptions, in the presented formulation we consider PD =
1, βFT = 0 and NFT = 0. The density of new targets is given in function of the quantity
of new area that is sensed by the sensor, yielding

βNT = 0.02 +
AN

AN +AO
(8)

with AN and AO denoting, respectively, the quantity of new and old area covered by the
sensor. To account for possible new targets when the vehicle is at rest, and a null value for
the density of new targets, a constant value of 0.02 is considered. The selection of this value
is empirical and tailored for the envisioned application scenarios. The likelihood calculation
depends on the validation area, thus, directly depends on the uncertainty of each known
object. Since the validation area of each object may comprise high values of uncertainty,
to avoid miss association between different types of objects, it was additionally imposed
that an existing object is only assigned to a given measurement if the probability of this
association is higher than a given threshold. This is particular relevant for MOs, which in
result of their movement may have larger validation regions within which is possible to have
low probability associations with SOs.

For each step, the MHT algorithm computes all possible hypotheses. For this reason,
MHT is considered to be an optimal method [22], at the cost of exponential complexity. Con-
sequently, it is necessary to apply pruning techniques, resulting in suboptimal performance.
Nevertheless, the MHT method is more robust than other data association approaches, such
as the probabilistic data association filter (PDAF) [23], the joint probabilistic data associa-
tion filter (JPDAF) [24], or the global nearest neighbor (GNN) [25], as shown in [26], [27]
and [28].

3.2 Moving Objects Detection and Tracking

The correct identification of SOs and MOs is essential to achieve robust data association
and, consequently, to accurately estimate the motion of both the surrounding objects and
the vehicle. In the proposed solution, the IMM algorithm is used for the motion models
identification. When compared with other methods, as shown by Blom and Bar-Shalom
[16] and Pitre et al. [29], the IMM algorithm outperforms or have a similar performance
even when compared with more complex algorithms.
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This algorithm uses r filters to estimate the state and covariance of r motion models,
for each object. When a measurement is available, the algorithm uses the r predictions and
mixes them using a transition matrix T ∈ Rr×r and the current models’ probabilities, to
obtain r mixed predictions. Since the transition matrix defines the probability of an object
changing to another model, these new predictions represent the weighted sum of the prior
predictions, considering each model probability. Subsequently, each prediction is updated
using the current measurement, yielding r updated estimates. Then, the likelihood of each
model is calculated using the innovation covariance matrix, obtained from the update step,
and the current measurement. The output is the probability of each model, given that mea-
surement. The current formulation only considers the CP and CV models. As a result, the
IMM uses two filters for each object and T ∈ R2×2. The original IMM algorithm, after
computing the likelihood of each model, performs state mixing, using the model’s proba-
bilities and the updated estimates of each model. In this implementation, this step is not
performed and only the probability of each model is used to select the most probable model
to be used in the main filter.

The tracking of MOs is accomplished by both IMM and MHT algorithms, i.e., the IMM
algorithm defines the motion model of each object, while the MHT algorithm handles the
association and track maintenance of these objects.

3.3 Loop Closure

The main focus of this work is the formulation and validation of a filter implementation that
addresses the existence of dynamic objects in the environment, resulting in consistent results
that enable the use of any loop closure technique. In the tested scenarios, the combination
of the MHT and IMM algorithms provide enough accuracy in the estimates and their uncer-
tainty, enabling the filter to detect and associate an old landmark with a new measurement,
after one loop. As such, the use of advanced algorithms for loop closure was not considered.
Nonetheless, the consistency to enable loop closure without advanced algorithms highly de-
pends on the complexity and size of the environment, for which proper techniques should
be implemented when dealing with large and complex scenarios, such as those presented by
[30] or [31].

3.4 Extended Kalman Filter

A discrete-time EKF was designed for data fusion purposes. Every time that a measurement
is available, the MHT algorithm performs data association, the motion model of the objects
is defined by the IMM algorithm, and finally the filter computes the new estimate. Otherwise,
the system is propagated in open loop.

3.4.1 Discrete dynamics

Consider xk := x(tk), yk :=
[
yT1 (tk) . . . y

T
ny

(tk)
]T and uk := u(tk), with tk = t0+kTs,

k ∈ N0, t0 as the initial time and ny as the number of available measurements. Hence, the
forward Euler discretization of the system dynamics can be defined as{

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

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

, (9)
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where f represents the state transition function, h is the measurement model function, with
wk ∈ R2+4n and nk ∈ R2ny denoting the associated process and measurement noise, which
are assumed to be zero-mean white Gaussian disturbances. The state transition function is
obtained using the vehicle and object’s motion kinematics equations, respectively (1) and (3)
and/or (4), whereas the observation function is obtained using the measurement equation,
(7).

3.4.2 Prediction Step

During the prediction step the complete state vector is used, and the drone’s position is
predicted using the state transition function and the input vector u(t). The objects’ state
vectors are only propagated according to the motion model that each object describes. Thus,
the prediction equations are{

x̂k+1|k = f(x̂k|k,uk+1)

Σk+1|k = Fk+1Σk|kF
T
k+1 + Ξk+1

, (10)

where x̂k|k and Σk|k denote, respectively, the predicted state vector and covariance matrix.
The process noise covariance matrix is defined as Ξk = diag(ΞVk

, ΞOk
) where ΞVk

∈
R2×2 and ΞOk

∈ R4n×4n are the process noise covariance matrices of the vehicle and
objects’ dynamics, respectively. The former, is defined as ΞVk

= ΘkΛΘ
T
k , where Λ =

diag(σ2v, σ
2
ψ), with σv and σψ respectively denoting the standard deviation of the process

noise concerning the velocity norm and yaw of the drone. The respective Jacobian matrix,
Θk = ∂f

∂u

∣∣∣
uk

, is given as

Θk = Ts

[
cos(ψk) −vk+1 sin(ψk)
sin(ψk) vk+1 cos(ψk)

]
, (11)

with ψk = ψm(tk) and vk = vm(tk). On the other hand, the objects’ process noise matrix
is defined as ΞO = diag(ΞO1, . . . , ΞOn), with ΞOn representing the process noise of each
object. This matrix changes according to the motion model described by each object. As a re-
sult, for those describing a CP model, the matrix is given asΞOn = Tsdiag(σ

2
pso

I2, σ
2
vso

I2),
whereas if the object describes a CV model, it is given as ΞOn = Tsdiag(σ

2
pmo

I2, σ
2
vmo

I2),
with σpso , σvso , σpmo , and σvmo , denoting the the process noise standard deviations of the
position and velocity, respectively, of SOs and MOs.

Finally, the complete transition matrix, defined as Fk = diag(FV ,FO), encompasses
the vehicle transition matrix, FV = I2, and the full transition matrix of all objects, given by
FO = diag(FO1, . . . ,FOn), with FOn representing the transition matrix of each object.
The last-mentioned matrix, for SOs, is given by

FOn =


1 0 0 0
0 1 0 0
0 0 0 0
0 0 0 0

 , (12)

and for MOs, it is given by
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FOn =


1 0 Ts 0
0 1 0 Ts
0 0 1 0
0 0 0 1

 . (13)

The initial state, x̂0|0, and respective covariance matrix, Σ0|0, are chosen considering
conservatively the specific experimental setup and the possible uncertainty in the state ini-
tial values. This can also be done with a procedure before initializing the filter to obtain a
statistical characterization of the initial state and its uncertainty. Regarding the process noise
covariance matrix Ξk, it can be computed using the above Jacobian matrix, Θk, together
with the standard deviations σv, σψ , and, depending on the type of object, σpso , σvso , σpmo ,
and σvmo . The latter are chosen to account for model uncertainties, allowing the adjustment
of possible deviations from the nominal model.

3.4.3 Update Step

Every time that a set of measurements is available, the measurements vector yk is updated.
If the measurements are with respect to new objects the state vector is augmented, otherwise
only the measurements vector is changed. Then, the updated estimate can be computed using{

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 updated state and covariance ma-
trix. The measurement noise covariance matrix, Γk, can be obtained from the sensors’ data-
sheet information and, if necessary, from the statistical characterization of the computations
performed to obtain the measurements yk.

The measurement information is incorporated in this step using the measurement resid-
uals, ỹk+1, their covariance, Sk+1, and the Kalman gain, Kk+1, defined as

ỹk+1 = yk+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

, (15)

where Γk+1 ∈ R2ny×2ny expresses the measurement noise covariance. The measurement
matrix Hk ∈ R2ny×2+4n is defined as

Hk =
∂h

∂x
=


−I2 I2 . . . 02×2 02×2

...
...

. . . . . . . . .

−I2 02×2 . . . I2 02×2

 (16)

when a total of n objects have been observed and the respective measurements are all avail-
able. When a previously seen object becomes unavailable, the observation matrix is adjusted,
with the respective row of the object on the matrix being removed.

At this point in the filtering algorithm, the measurement vector and matrix structure is
already defined through the the combination of the MHT and IMM algorithms, that track
several possibilities for data association and multiple kinematic models for the state objects.
Keeping information for each possible object type and propagating the respective process
and measurement uncertainties, we can progressively falsify the least probable hypotheses
for associating SOs with MOs and vice-versa.
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3.5 Complexity and Scalability Discussion

The complexity of the overall algorithm is a determining factor for its scalability. Nonethe-
less, there are significant improvements both in terms of linear algebra computations and
in dealing with parallelization and sparse computations that can be used to implement fil-
tering techniques based on Kalman filters [32]. Consider the algorithm variables introduced
above, in particular, the number of objects in the state vector, n, the number of objects in the
measurement vector, ny , and also the number of motion models for each object, r = 2.

Without algebraic optimization tools for matrix multiplication, the EKF implementation
has a complexity of O(n2ny + nn2y + n3y), which if we consider the sensor limitations that
impose an upper bound on the number of detected objects, we can assume the complexity
is simply O(n2), as detailed in [33]. This fact, by it self, represents a major limitation of
most consistent implementations of SLAM algorithms, being a common issue even in im-
plementations that use other filtering techniques. Regarding the added complexity of using
the MHT algorithm, in general, given p existing hypothesis (or branches) in the algorithm
for a given iteration, the complexity of computing the new set of hypothesis has the com-
plexity O((pn)2). Nevertheless, it has been argued that, with adequate pruning of branches
of the algorithm to limit the number of hypothesis, the resulting complexity can be consid-
ered to be O(n2) or lower, as discussed in [34,35]. On the other hand, the use of the IMM
algorithm to identify the adequate dynamic model for each state object adds r filters for each
object in the state, which represents a complexity of O(rn2).

In summary, considering a constant value for the number of motion models, this would
result in a complexity of O(n2) for the overall algorithm. As such, the scalability of the
proposed strategy can be ensured by exploring concepts in the literature to reduce the com-
plexity of SLAM algorithms, such as using local maps and supervisory algorithms to joint
them in a consistent way [33], together with efficient libraries for algebraic operations, par-
allelization, and sparsity handling.

4 Simulation Results

On this section the simulation details are described and the respective results are presented.
These results show the effectiveness and consistency of the formulated solution. All simu-
lations have been performed in MATLAB.

4.1 Environment

The simulated environment consists of 34 SOs, representing corners along the vehicle tra-
jectory, and 4 MOs with different constant velocities and orientations. The total simulation
time is 165 seconds, and the drone is considered to be static during 50 seconds, after which
it starts to move at an average speed of 0.5 m/s. This stationary period is a standard pro-
cedure and is usually used for calibration of sensors and system initialization. The vehicle
performs a circular path, detecting a total of 32 SOs, with all MOs being detected on the
first lap. It is considered a sampling frequency of 100 Hz for the odometry sensors, while
the sensor that provides measurements of the surroundings works at 20 Hz. The drone’s tra-
jectory and all objects are represented in Fig. 2. The simulated system disturbances are as
follow, σvm = 0.15 m/s, σψm

= 3 deg, and σy = 2.5 cm.
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Fig. 2 Map of the simulated environment with the real drone trajectory and object positions.

4.2 Filter Parameters

The filter parameters include the MHT, IMM and EKF parameters. All these parameters
have been defined empirically, taking into account the influence of each one in the filter
estimations. The validation region of the MHT is assumed to be 3-sigma. Regarding the
IMM algorithm, when a new object is observed, each model is initialized with the same
probability, and the transition matrix is given as

T =

[
0.75 0.25
0.01 0.99

]
(17)

which means that a SO have 75% of chance of remaining SO and 25% of chance to change
to MO, while a MO have 99% of chance of remaining MO and 1% of chance to change to
SO. The selection of these values is empirical, considering this particular dataset, noting that
higher values in the diagonal imply more resistance to change between the two types of ob-
jects. These values translate the compromise between swiftly detecting transitions between
types of motion and filtering erroneous changes due to measurement noise.

For data fusion, the drone’s process noise standard deviation is assumed to be σv = 0.3 m/s
and σψ = 3 deg, while for SOs it is given by σpso = 2.5 mm and σvso = 0 m/s, and for
MOs is considered to be σpmo = 1.5 m and σvmo = 4 m/s. The measurement noise covari-
ance matrix is given as Γk+1 = 2σ2yI2n. When a object is observed for the first time, the
uncertainty, in each direction, regarding its position and velocity is initialized with σ2y. In
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Fig. 3 Estimated and odometry-only error norm.

order to avoid an exponential growth of the number of hypotheses generated by the MHT,
at each step, only the two hypotheses with the highest probability are kept.

4.3 Results

When analyzing the performance of the filter, it is important to observe a decrease on the
error norm when compared with using just the odometry, as shown in Fig. 3. It is possible
to notice that the error norm of the proposed filter is lower, in particular, while the drone is
stationary and after 130 seconds of simulation, where multiple and consecutive loop closure
events start to happen.

In Fig. 4 and Fig. 5 the standard deviation and estimation error of the nine revisited SOs
is shown, respectively. When the objects are detected for the first time their uncertainty is
initialized, for instance, around t = 60 s, but soon decreases while measurements regarding
these objects are available. The uncertainty increases when the objects are not being ob-
served, which is expected since there is process noise associated with the SO position. As
soon as these objects are revisited the algorithm performs a loop closure, and, consequently,
the uncertainty regarding these landmarks substantial decreases. Nonetheless, the estimation
error for some objects may increase, as these landmarks have associated uncertainty, which
induces the filter to correct these estimations using an estimate of the drone’s position with
more uncertainty than before. Nonetheless, the estimation error norm is always less than
3 cm after the initial convergence. The number and type of objects observed over time is
shown in Fig. 6. From t = 140 s, multiple previously SOs become once again visible, and
are correctly associated, since the number of SOs does not increase after that time. The to-
tal number of estimated SOs and MOs compares well with the true number of simulated
objects.

The final map with all the estimates of the trajectories and final positions is shown in
Fig. 8, whereas the estimated velocities of each MO are compared with the true values in
Fig. 7. These results compare well to the true values, with an effective estimation of the
drone and objects’ states. It is worth mention that the filter correctly identifies the MO in
less then 0.5 seconds and the corresponding velocity estimate converges to the true value in
less than 2 seconds.
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Fig. 4 Standard deviation of the nine revisited SOs positions, for complete time
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Fig. 5 Error norm of the nine revisited SOs positions, for complete time
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Fig. 6 Evolution of the number of different objects.
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Fig. 7 Comparison of the true and estimated linear velocity of MOs.

These simulation results validate the performance of the algorithm since it is shown
that the filter estimates have a lower error when compared with the odometry estimations
standalone. Moreover the velocity estimates of MOs are accurately calculated and quickly
converge to values similar to the real ones.

5 Experimental Results

This section describes the experimental results for the presented solution. The experimental
work was developed at Institute for Systems and Robotics using an Intel Aero RTF Drone,
equipped with a Intel Atom processor board and an Intel RealSense R200 Camera, working
at 60 Hz. This dataset is made available for the community1.

1 REPLACE dataset 1 for SLAMMOT is available at: https://github.com/
brunojnguerreiro/replace-dataset1.
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Fig. 8 Simulated environment with true and estimated trajectories and objects, where dashed lines represent
estimated trajectories and ovals represent the uncertainty multiplied by a factor of 200.

5.1 Environment

The experiment was performed in a controlled room equipped with an OptiTrack motion
capture system, working at 240 Hz. The quadrotor was hand-driven to perform a circular
path, for about 70 seconds. The motion information of the drone, velocity norm and yaw,
were computed using the positions provided by the OptiTrack system. Then, normal white
Gaussian noise with zero-mean was added to these variables, to simulate the sensors’ distur-
bance. Throughout the room some artificial markers were placed to reproduce objects and
to facilitate the consecutive detection of these objects, as shown in Fig. 9(a). During this
trajectory, the drone captures RGB-D images of the environment, detecting 8 SOs and an
dynamic object that is moving and that stops moving at a certain point, becoming a SO.

The measurements regarding the surrounding objects were obtained using the RGB-D
images provided by the Intel RealSense R200 Camera equipped in the drone. The full res-
olution images were cropped into a region of interest that avoided areas such as the ceiling
and windows, that had no markers, as shown in Fig. 9(b). Then, this area was subdivided
into 4 regions of interest, Fig. 9(c), to avoid having two measurements regarding the same
marker. From each of these regions the strongest feature was obtained using the KAZE [36]
algorithm, Fig. 9(d). Then, the features were matched with the corresponding 3-D point on
the depth image. In addition, this set of 3-D points that are represented on the body-fixed
frame are changed to the world-fixed frame, applying a rotation based on the drone’s atti-
tude.
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(a) Full resolution RGB image. (b) Cropped RGB image.

(c) All four regions of interest. (d) Final KAZE features for the initial RGB image.

Fig. 9 Acquisition process of the experimental surrounding measurements.

The system disturbances are σvm = 0.10 m/s and σψm
= 10 deg. No noise was added to

the measurements concerning the surroundings since the data processing procedures already
had associate disturbances.

5.2 Filter Parameters

The same filter parameters were empirically tuned for the experimental data. The validation
region of the MHT is assumed to be 3-sigma. Regarding the IMM algorithm, when a new
object is observed, each model is initialized with the same probability, and the transition
matrix is given as

T =

[
0.95 0.05
0.03 0.97

]
(18)

which means that a SO have 95% of chance of remaining SO and 0.05% of chance to change
to MO, while a MO have 97% of chance of remaining MO and 3% of chance to change to
a SO. As in the simulation results, these values are empirically selected considering this
experimental dataset. In particular, when compared with the transition matrix used in the
simulation results, this matrix is more close to a symmetric matrix, with a much higher
probability of a SO remaining with that same dynamic than in the previous results.

For data fusion, the measurement noise is assumed to be σy = 3.5 cm, while the drone’s
process noise standard deviation is assumed to be σv = 0.2 m/s and σψ = 20 deg/s, while
for SOs it is given by σpso = 2 cm and σvso = 0 m/s, and for MOs is considered to be
σpmo = 9 cm and σvmo = 18 cm/s. The measurement noise covariance matrix is given as
Γk+1 = σ2yI2n. When a object is observed for the first time, the uncertainty, in each di-
rection, regarding its position and velocity is initialized with 3σ2y and 100σ2y, respectively.
Again, for the same reason as mentioned before, at each step, the MHT only keeps the two
hypotheses with the highest probability.
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Fig. 10 Estimated and odometry-only error norm, where gray areas represent time with no measurements
available.
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Fig. 11 Standard deviation of the two revisited SOs positions.

5.3 Results

The estimation and odometry error norm is shown in Fig. 10, where the estimation error
is lower than the odometry-only error, confirming the simulation results. Around t = 58 s
the drone starts to revisit a previous location and the algorithm successfully closes the loop,
identifying the revisited landmark. These correct associations of previously seen landmarks
contribute to a decrease in the uncertainty of these old landmarks, as shown in Fig. 11.

The evolution of the number and type of objects is shown in Fig. 12, from which it is
possible to note that the algorithm effectively identifies the MOs and adjusts its model to CP
when it stops moving. Figure 13 compares the vehicle state estimates with the ground truth
obtained via OpitTrack, whereas the performance of the algorithm is confirmed since the
estimates are very close to the true trajectory. Notice that around t = 43 s the uncertainty of
the estimation decreases since new measurements are available, after a long period without
any measurements. Moreover, when loop closure occurs the uncertainty decreases, but it
increases right after given the fact that there are no more measurements.
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Fig. 12 Evolution of the number of different objects.

The estimated trajectory and objects, with the corresponding uncertainties, are repre-
sented in Fig. 14, along with the true trajectory and the odometry-only estimate. Results
show that the revisited objects have lower uncertainty when compared to the other objects
and that the estimate outperforms the odometry, especially by the end of the experiment.

These experimental results confirm complement the above simulation results, validating
the proposed filter and showing that it clearly outperforms the odometry-only alternative.
These results also show that the filter is robust, not only being able to correctly identify
MOs, but also to detect that the MOs have stopped.

6 Conclusions

The aim of this research was to devise an SLAMMOT filter which can be applied for aerial
vehicles in uncertain and dynamic environments. The main contribution 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 using the information of all these elements
for estimation purposes. The consistency and performance of the algorithm was validated
with simulation results and later confirmed with experimental results.

Future work includes the incorporation of more motion models into the IMM algo-
rithm, for example, a constant acceleration (CA) model. Additionally, the improvement of
the pruning methods applied to the MHT algorithm would be very beneficial to reduce the
computational cost of the data association without the loss of possibly relevant hypothe-
ses, especially when applied in more complex environments. This can be accomplished by
implementing the modifications suggested in [37] or by the implementation of a hybrid ap-
proach for data association, where SOs are associated using a less computational expensive
algorithm, such as the GNN or the joint compatibility branch and bound [38] algorithms.
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Fig. 13 Time evolution of the true and estimated vehicle’s position, with 3σ bounds, where gray areas repre-
sent time with no measurements available.
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