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ABSTRACT

This research proposes a model predictive control (MPC) approach with ad-
ditional barrier function constraint for safe navigation of a differential drive
wheeled mobile robot (DDWMR) in the presence of static and dynamic obsta-
cles. The proposed approach uses the kinematic model of DDWMR to initially
constructs a stabilizing MPC on the basis of Lyapunov’s stability theory. To
ensure safe navigation of the DDWMR when obstacles are present, the control
barrier function (CBF) concept is subsequently constructed and integrated into
the developed MPC framework. The integrated MPC-CBF approach is shown
to guarantee both the stability and safety properties of the DDWMR while navi-
gating towards a desired goal position through a workspace filled with obstacles.
The good performance of the proposed framework is demonstrated through com-
puter simulations and experimental validation on a Turtlebot3 DDWMR plat-
form. In the real robot experiments, the controller achieved final tracking errors
of [ex ey] = [0.1286 0.0626] m and eθ = 0.021 rad, while the correspond-
ing simulation errors were [ex ey] = [0.0824 0.0698] m and eθ = 0.0883
rad, respectively. These results demonstrate that the developed feedback control
method ensures safe, stable, and collision-free motions of the DDWMR.
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1. INTRODUCTION
In recent years, rapid advances in robotics technology have led to significant expansion of robotics

applications beyond those commonly used for industrial manufacturing, including the use of mobile robots for
applications such as autonomous driving, inspection robots, cleaning robots, and delivery robots [1]. One type
of mobile robot in such applications that has received significant attention from researchers and industries is
differential drive wheeled mobile robots (DDWMR). The DDWMR can be used to navigate a certain area for
different purposes, such as monitoring or actuation purposes, and it moves within the workspace by indepen-
dently controlling the angular speed of each of its two wheels, which are located on each side of the robot
[2]. More specifically, by adjusting the rotational speed and direction of each wheel, the DDWMR can move
forward, backward, and/or rotate in its center-of-mass point. To ensure that the DDWMR operates according
to the required objectives, extensive research has been conducted in recent years to develop various DDWMR
control methods, which range from conventional PID controllers to more advanced controller techniques such
as those based on Lyapunov’s stability analysis [3] or machine learning and artificial intelligence methods [4].
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To achieve safe navigation of DDWMR in dynamic and complex working space/environments, it is
particularly crucial to design controllers that not only ensure/guarantee the stability but also preserve the safety
properties of the resulting robot motions while performing various desired tasks [5]. Safety can be defined
as the condition in which the evolution/trajectory of the system remains within the prescribed safety bounds
or within a particularly defined safe set. For mobile robot applications, safety can, for example, be defined in
terms of obstacle avoidance task, where the robot must not violate a predetermined safe distance to surrounding
objects as it potentially can cause collisions with static/moving obstacles [6]. In recent years, various meth-
ods have been proposed to ensure the safety of various robotic applications such as those for the operation of
unmanned aerial vehicles [7], quadruped movement [8], multi-robot coordination [9], [10], and robot manipu-
lator task execution [11]. The methods developed in these works include Bayesian optimization algorithm [12],
combined A* and dynamic window path planner [13], and artificial potential field (APF) technique [14]. How-
ever, most of these developed methods have focused mainly on achieving the stability of the operating robot
without specifically taking into consideration the safety aspect of the resulting robot movements. In this regard,
more work remains needed to complement the currently developed methods with additional safety-preserving
techniques.

One of the methods that has been used to ensure the safety of a system is based on the control barrier
function (CBF) concept [15]. The CBF is a relatively recent concept introduced in the control community as a
mathematical tool to ensure the safety preservation of a control system. Similarly to Lyapunov’s stability the-
ory, the CBF concept determines the conditions to preserve the safety of the trajectories of a system based on
the existence of a particular scalar-valued function called CBF which satisfies certain conditions over the con-
sidered safe set [16]. Compared to other obstacle avoidance methods, such as APF [14], CBF-based methods
aim to determine and guaranty forward invariance of system trajectories by formulating the obstacle avoidance
task as a constraint [17]. In this regard, current implementations of CBF-based methods naturally lead to an
optimization problem that formulates the requirements of stability and safety properties as constraint functions
[18]. From the point of view of real-time implementation, effective optimization-based methods are therefore
required to ensure successful implementation of CBF-based methods [19].

This paper proposes the integration of the CBF-based safety preservation approach into the model pre-
dictive control (MPC) scheme to construct a dynamic obstacle avoidance method for DDWMR operation. The
proposed integration scheme is motivated by the fact that MPC is essentially an optimization-based control de-
sign method; therefore, the simultaneous inclusion of both stability and safety properties can be systematically
formulated as additional constraints in the optimization formulation [16]. Moreover, the proposed MPC-CBF
integration scheme can predict several steps ahead to ensure the safety of the system in a more flexible and less
conservative manner [20]. In summary, the main contributions of this research are twofold.
- Firstly, an optimization-based control law is designed to ensure both stable and safe navigation of the

DDWMR when required to operate in a workspace filled with random static and/or moving obstacles.
- Secondly, a path planner scheme that generates a predicted motion trajectory to guide the robot’s movement

towards the goal point is developed to facilitate smooth robot movement between predefined initial and final
poses within such a dynamic environment.

In these regards, the proposed controller not only navigates the DDWMR to the desired goal pose, but also pre-
vents collisions between the DDWMR and obstacles using the CBF framework. The satisfactory performance
of the proposed safety-preserving control method is shown using computer simulations and then experimentally
validated on a real DDWMR platform.

The remainder of this paper is structured as follows. Section 2 describes the research method con-
sisting of the description and mathematical model of Turtlebot3 DDWMR. This section also reviews the basic
concept and mathematical formulation of MPC and CBF methods. Section 3 presents the main results of this
research on the MPC-CBF integration to ensure robot’s ability to avoid both static and dynamic obstacles.
This section also presents numerical simulations and experimental results to illustrate the effectiveness of the
proposed method. The conclusions and some remarks for potential future work are presented in section 4.

2. METHOD
This section first describes the Turtlebot3 DDMWR platform used for the design and validation of

the robot controller developed in this paper. The discrete-time kinematic model of Turtlebot3 DDWMR is also
derived and used as the basis for the analysis and design of a suitable control system. The optimization problem

Bulletin of Electr Eng & Inf, Vol. 15, No. 2, April 2026: 1033–1048



Bulletin of Electr Eng & Inf ISSN: 2302-9285 ❒ 1035

of the MPC design is then formulated to achieve stable navigation of the mobile robot. Finally, integration of
the CBF concept into the nominal MPC scheme is proposed to simultaneously achieve both the stability and
safety of the DDWMR movement in the presence of static/dynamic obstacles.

2.1. System description
This paper considers the development of navigation and control algorithms for a TurtleBot3 DDWMR

platform developed by ROBOTIS [21]. The specific model used in this research is the TurtleBot3 Burger as
depicted in Figure 1 with a top view schematic as shown in Figure 1(a) and the physical view as shown in Figure
1(b). The Turtlebot3 main controller is based on a Raspberry Pi 4B single board computer and is equipped with
a second microcontroller board that is developed to support the implementation of control algorithm using an
OpenCR module in robot operating system (ROS)-based embedded systems. The robot is also equipped with
onboard sensors and actuators such as Dynamixel XL430-W250 actuator and the LDS-02 sensor. The general
specification of TurtleBot3 Burger is listed in Table 1.

(a) (b)

Figure 1. The Turtlebot3 Burger DDWMR; (a) top view schematic and (b) physical view

Table 1. Specification of TurtleBot3 Burger
No Parameters Description
1 Maximum translational velocity 0.22 m/s
2 Maximum rotational velocity 2.84 rad/s (162.72 deg/s)
3 Dimension (L×W ×H) 138 mm × 178 mm × 192 mm
4 Laser distance sensor (LDS) 360◦

5 LDS measurement range 160∼8000 mm

The TurtleBot3 can be operated from a personal computer (PC) using the combination of wired and
wireless communication connections, as illustrated in Figure 2. The solid lines in this figure indicate wired
connections, while the dashed lines represent wireless connections. The PC communicates with TurtleBot3
through a local IP address assigned to the Raspberry Pi that is embedded in the robot. On the other hand, the
connection between TurtleBot3 and its components is done using wired connections. A Raspberry Pi 4B serves
as the main controller that is connected to both the LiDAR sensor and the OpenCR 1.0 motor controller. The
control input generated by the algorithm designed on the PC is sent to the Raspberry Pi and then implemented
on each motor on the wheels of the Turtlebot3 DDWMR via the OpenCR 1.0 module of ROS.

2.2. Kinematic model
The motion analysis and control system design in this paper is performed based on the kinematic

model of the Turtlebot3 robot platform, which has the characteristics of conventional DDWMR [22]. This
model essentially describes the relationship between the pose (position and orientation) of the robot and its
linear and angular velocities. Figure 3 shows the schematic of the DDWMR configuration in a planar workspace
between two subsequent discrete times t and t+ 1. Based on this figure, the discrete-time kinematic model of
the DDWMR can be derived as in (1):xk+1

yk+1

θk+1

 =

xk

yk
θk

+

cos(θk) 0
sin(θk) 0

0 1

[
vk
ωk

]
(1)
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Figure 2. Configuration of the hardware and signal interface of Turtlebot3 Burger

Figure 3. Schematic of kinematics and geometry of Turtlebot3 DDWMR

In (1), [xk, yk, θk]
T is the vector of state variables in the kth sample, which consists of robot position

[xk, yk]
T and orientation θk in the planar space, [vk, ωk]

T is the control input vector of the DDWMR consisting
of linear velocity vk and angular velocity ωk, while k = 0, 1, 2, . . . is the index of time sampling such that
at time t we have t = k∆t in which ∆t is the sample period. Define zk := [z1k, z

2
k, z

3
k] ≡ [xk, yk, θk]

T and
uk = [vk, ωk]

T as vectors of state and control variables, respectively. Then (1) can be rewritten in a compact
form (2):

zk+1 = zk + f(zk)uk (2)

where f(zk) is a matrix function of the state variables defined in (3):

f(zk) =

cos(z3k) 0
sin(z3k) 0

0 1

 (3)

Bulletin of Electr Eng & Inf, Vol. 15, No. 2, April 2026: 1033–1048



Bulletin of Electr Eng & Inf ISSN: 2302-9285 ❒ 1037

Based on (2), the specific motion problem considered in this paper is that of controlling the DDWMR to perform
the point stabilization task from a given initial position and orientation (pose) z0 := [z10 , z

2
0 , z

3
0 ]

T to a desired
final pose zf := [z1f , z

2
f , z

3
f ]

T . To address this problem, this paper uses the MPC-CBF scheme described below.

2.3. Model predictive control formulation
Let Z ⊆ Rn be the considered operational space of the DDWMR, and assume that the initial and final

poses of the DDWMR belong to certain initial and final subsets Z0 ⊂ Z and Zf ⊂ Z , respectively, such that
z0 ∈ Z0 and zf ∈ Zf . To formulate the stabilization problem of the DDMWR in the MPC framework, we
define the following form of stage cost functions as input for the implementation of the MPC design algorithm.

p(zk+N |k) = ||zk+N |k − zf,t+N |t||2Q (4)

q(zk, uk) = ||zk − zfk ||2Q + ||uk||2R (5)

Note that (4) and (5) essentially define the errors between the current and the desired poses. More specifically,
the function p(·) in (4) denotes the difference between the current and the desired poses in each prediction step
N, while the function q(·) in (5) denotes the deviation between the actual and desired state and the input values.
Based on (4) and (5), the MPC design can be formulated as an optimization problem of the following form
[23].

min
u:t+N−1|t

p(zt+N |t) +
∑N−1

k=0 q(zk, uk) (6)

subject to

zt+k+1|t = f(zt+k|t, ut+k|t) (7)

zt|t = zt (8)

zt+k+1|t ∈ Z (9)

ut+k|t ∈ U (10)

zt+N |t ∈ Zf (11)

for k = 0, . . . , N − 1. The term p(·) in (6) represents the terminal cost, which quantifies the cost of being in
a specific state zt+N |t at the end of the prediction horizon N . This terminal cost is utilized to drive the system
towards the desired final state. On the other hand, the term q(·) in (6) denotes the stage cost to be evaluated at
each time step within the prediction horizon N . The minimization of this stage cost aims to reduce the error
and maintains both the control inputs and the state variables to remain within predefined desirable regions. The
constraint in (7) captures the kinematic evolution of the system, while (8) sets the values of the state variables
at each time t. The constraints (9) and (10) bound both the state and the control variables. Finally, (11) restricts
the final predicted value of the state variables to be within the defined terminal set Zf . In (6)-(11), the time
variable t represents the current time step while k represents the prediction horizon index relative to t.

2.4. Control barrier function formulation
The CBF concept is concerned with the inclusion of a safety property in the design of control systems

through the enforcement of specific state constraints in addition to those already/normally defined for transient
performance or stability requirements [24]. More specifically, consider a control system defined in a set Z ⊆
Rn whose state evolution satisfies the following differential equation.

ż = f(z) + g(z)u(z), z(0) := z0 (12)

where z ∈ Z is the state variable, u is the control input, while f(z) and g(z) are Lipschitz continuous functions.
Assume that one is interested in verifying whether a particular subset S ⊂ Z of the state space Z is safe, in the
sense that it is forward invariant such that every initial state z0 ∈ S then z(t) ∈ S for all time t ∈ [0, tmax] in
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which the solution of (12) exists. Similarly to the idea in Lyapunov’s stability concept, such a safety property
can be decided on the basis of the existence of a function h(z) which is referred to as the CBF. Given the
evolution of the system (12), the CBF h(z) is one that satisfies conditions (13) to (15) [25]:

h(z) ≥ 0, ∀z ∈ S (13)
ḣ(z) ≥ 0, ∀z ∈ ∂S (14)

ḣ(z) :=
∂h(z)

∂z
f(z) +

∂h(z)

∂z
g(z)u ≥ 0, ∀z ∈ I(S) (15)

where ∂S and I(S) denote the boundary and interior of the set S, respectively. In this paper, the concept
of CBF is adopted in DDWMR movement as the ability to avoid collisions when encountering obstacles, as
illustrated in Figure 4. Specifically, the CBF concept is used to ensure that DDWMR does not enter the unsafe
area occupied by the obstacle that is denoted by a region within a circle with a radius of robs + rs.

Figure 4. Illustration of obstacle avoidance scheme using CBF

To take into account the CBF concept in the design of a controller with obstacle avoidance feature, the
CBF of the form (16) is constructed for the kinematic model of the DDWMR in (2):

h(z) = (z1k − z1obs)
2 + (z2k − z2obs)

2 − (robs + rs)
2 (16)

where z is the vector of state variables of DDWMR, z1obs and z2obs denote the coordinates of the planar position
of the obstacle on the X and Y axes, respectively, robs is the radius of an assumed circle that encloses the
obstacle, and rs is a fixed distance added as a safety margin to the obstacle radius. Taking the time derivative of
(16), one may conclude according to (15) that the DDWMR should satisfy (17) over the course of its movement
around any obstacle.

ḣ(z, u) ≥ −γh(z) (17)

where 0 ≤ γ ≤ 1 is a class κ function [26]. In order to take the condition (17) into account within the MPC
formulation (4) and (5), this paper considers its discrete-time formulation of the form (18):

∆h(zk, uk) ≥ −γh(zk) (18)

Since h(zk, uk) := h(zk+1)− h(zk), one may expand (18) to obtain (19):

h(zk+1)− h(zk) + γh(zk) ≥ 0 (19)

where h(zk) is the CBF evaluated at time k and h(zk+1) is the CBF evaluated at time k+1. Note that inequality
(19) essentially enforces the safety (i.e., forward invariance) of the system, as it ensures that if the system state
zk starts in the safe set, it will remain within the safe set in the next time step (k + 1) for all k = 0, . . . , N .
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3. RESULTS AND DISCUSSION
This section describes the results obtained when implementing the proposed MPC-CBF method for the

obstacle avoidance scenario of the DDWMR movement. The main tasks evaluated in the simulation/experiment
are to avoid the obstacle while tracking desired waypoints toward the goal pose. The results are presented for
three simulation/experiment scenarios, namely: i) integrated MPC-CBF controller, ii) static obstacle avoidance,
and iii) dynamic obstacle avoidance scenarios. Furthermore, performance validation of the proposed controller
is evaluated on three different platforms, namely using MATLAB simulation, Gazebo simulation, and real
experiment using TurtleBot3 Burger platform. In all scenarios, the DDWMR is assumed to have a linear
velocity of 0.22 m/s and an angular velocity of 2.84 rad/s. The MPC-CBF controller parameters are set with
a safety radius rsafe of 0.3, a sampling time ∆T = 0.1, and a prediction horizon of N = 8. To evaluate the
point stabilization task, the initial pose is set to z0 = [0, 0, 0]T and the final pose is set to zf = [3, 3, 0]T . The
video demonstration of the presented results is available at bit.ly/MPC-CBF-Turtlebot.

3.1. Model predictive control-control barrier function integration
This evaluation scenario considers the navigation problem of the DDWMR from an initial pose to a

desired goal pose while ensuring obstacle avoidance during its movement. This paper addresses this problem
by integrating the CBF concept into the MPC design framework. This is done by adding the CBF condition (19)
to the set of constraints in the MPC formulation (6)-(11) to obtain the safety-preserving MPC-CBF formulation
of the form (20)-(26) [27]:

min
u:t+N−1|t

p(zt+N |t) +
∑N−1

k=0 q(zk, uk) (20)

subject to

zt+k+1|t = f(zt+k|t, ut+k|t) (21)

zt|t = zt (22)

zt+k|t ∈ Z (23)

ut+k|t ∈ U (24)

zt+N |t ∈ Zf (25)

∆h(zt+k|t, ut+k|t) + γh(zt+k|t) ≥ 0 (26)

for k = 0, . . . , N − 1. Comparing the MPC formulation in section 2.3. with the one above, it can be seen that
(26) is a CBF constraint to guaranty the safety of the robot movement. One algorithmic implementation of the
solution method for solving (20)-(26) [27] based on the CasADI solver [28] is summarized in the pseudocode
of Algorithm 1.

Algorithm 1. MPC-CBF method with safety guarantee

1: Define:
2: System Model zk+1 = f(zk, uk)
3: Initial State = z0
4: Prediction Horizon = N
5: Sampling Time = ∆T
6: Input Constraint: U
7: CBF Constraint: h(X)
8: Weight Cost: Q, R
9: Input: Reference Pose (zf )

10: while ∥z − zf∥ ≥ 0.15 do
11: Obtain pose measurement at time t = zt
12: Retrieve obstacle position measurement

Model predictive control with safety barrier enforcement for dynamic ... (Michael Andrianto Gunarso)
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13: Solve optimization problem using CasADI [28]:

min
u:t+N−1|t

p(zt+N |t) +

N−1∑
k=0

q(zk, uk)

s.t. zt+k+1|t = f(zt+k|t, ut+k|t), k = 0, . . . , N − 1

ut+k|t ∈ U
zt|t = zt

zt+N |t ∈ zf

∆h(Xt+k|t, ut+k|t) ≥ −γh(zt+k|t), k = 0, . . . , N − 1

14: Apply the first control input ut to system
15: Wait for ∆T and shift the prediction horizon
16: end while

Figure 5 shows the closed-loop block diagram of the proposed MPC-CBF control design scheme. All
computation and control operations are executed on an Ubuntu 20.04 operating system equipped with an Intel
Core i7-8700 processor (3.2–4.6 GHz) and 32 GB of memory. The optimization problem is solved using the
CasADi solver. The controller receives the reference pose as input and is designed to produce the final pose
with minimal error. The controller computes the control inputs from the given reference pose to achieve the
point stabilization task, which is then executed by the TurtleBot3 DDWMR platform. The sensor feedback is
provided by a LiDAR sensor to provide the obstacle positions and by the odometry for the actual robot position.
These feedback information are then used to calculate the CBF and position error of the DDWMR.

Figure 5. Closed-loop block diagram of the MPC-CBF integration

3.2. Computational cost analysis
To quantify the computational cost, the total execution time and the number of MPC iterations were

measured for multiple runs. In a no-obstacle ahead of the robot scenario, the proposed algorithm requires 23.82
seconds over 214 ± 3.61 iterations when the obstacle detector was enabled and 22.4 ± 0.5 seconds over 205
iterations when the detector was disabled. This leads to an average computation time of approximately 0.11
second per iteration and 0.109 second per iteration. In the case of a given obstacle ahead of the robot scenario,
the algorithm requires 33.1±14 second over 321 ±144 iterations, which corresponds to 0.104 seconds/iteration
on average. These time measurements indicate that the per-iteration computational cost remains constant (0.1-
0.11 second per MPC iteration step), while the increase in total runtime in the obstacle case is primarily due to
larger number of required control iterations to avoid an obstacle. It should be noted that these measurements
were performed on a PC running ROS Noetic on Ubuntu 20.04 operating system equipped with a stock Intel
Core i7 8700 and a 32 GB memory stick.
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3.3. Static obstacle scenario
To simulate the obstacle avoidance scenario of the proposed MPC-CBF integration scheme, an as-

sumed static obstacle is placed initially at position (x = 1.5, y = 1.5)T with a radius of 0.15m. Figure 6 shows
the simulation environments designed in MATLAB [29] software. In this figure, the red and green dots represent
the initial and final positions of the DDWMR, respectively, the blue circle represents the static obstacle, and
the orange dashed circles represent the safety margin of the designed CBF.

Figure 6. Illustration of the static obstacle scenario

3.3.1. MATLAB simulation of static obstacle scenario
The simulation results obtained using MATLAB are shown in Figure 7. In particular, Figure 7(a)

shows the motion of the robot along the X and Y axes, while Figure 7(b) represents the error between the robot
pose and the final pose over time. Throughout the trajectory in Figure 7(a), it can be seen that the robot remains
inside the admissible set and does not violate the safety margin. In Figure 7(b), the blue dashed line denotes
the error along the X axis while the orange line denotes the error along the Y axis. The decreasing error from
the robot confirms that the system successfully reaches the point stabilization task with a minimum error.

(a) (b)

Figure 7. Simulated trajectories; (a) position error and (b) with static obstacle

Figure 8 shows the control input signals in the form of linear and angular velocities obtained from the
solution of the MPC-CBF optimization problem. The blue line in this figure represents the linear velocity and
the orange line represents the angular velocity of the robot. In these plots, it can be seen that the linear velocity
remains constant and started to decrease when the robot is near the goal point. For the angular velocity, it can
be seen that the higher change of the value occurs when the robot avoids the obstacle. In these regards, it can
be concluded that the control input obtained does not exceed the constraint set in the MPC-CBF controller.

Model predictive control with safety barrier enforcement for dynamic ... (Michael Andrianto Gunarso)
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Figure 8. Control inputs consisting linear (top) and angular (bottom) velocities with static obstacle

3.3.2. Static obstacle scenario in Gazebo simulation and real robot implementation
Figure 9 shows the trajectories and position error obtained using the Gazebo simulation and the real

robot. In Figure 9(a), the purple dashed lines denote the position of the real robot and the black lines denote the
trajectories obtained from Gazebo simulation. It can be seen that the trajectories in Gazebo simulation avoid the
obstacle by turning aggressively, while those in the real robot smoothly avoid the obstacle. However, both the
Gazebo simulation and real robot experiment results successfully navigate into the final pose while maintaining
the safety distance between the robot and the obstacle indicated by the decreasing error. Figure 9(b) also shows
the robot tracking errors in Gazebo simulation and real robot experiment. The blue- and orange-dotted lines
denote the position error along the X-axis and the Y-axis over time, respectively. It can be seen that the error
value from the Gazebo simulation decreases and converges to zero faster than the real robot. This is because in
the Gazebo the robot is assumed to have a perfect measurement and without noises for both the odometry and
the LiDAR sensors, whereas in the real robot there are many noises affecting the measurement.

(a) (b)

Figure 9. Simulated and experimental trajectories; (a) position error and (b) with static obstacle

Figure 10 illustrates the robot control inputs that consist of linear and angular velocities. Figure
10(a) shows the robot control input performed using the real robot, while Figure 10(b) shows the control input
conducted by the Gazebo simulation. The blue line denotes the linear velocity, and the orange line indicates
the angular velocity for both systems. It can be seen that the control input obtained when using the real robot
has more oscillation than the value obtained using the Gazebo simulation. The observed oscillations are mainly
caused by LiDAR measurement noise that occurs when the robot detects obstacles. Despite the presence of
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these oscillations, both methods generated control inputs that remained within the specified limits.

(a) (b)

Figure 10. Control inputs in real robot; (a) Gazebo simulation and (b) with static obstacle

3.4. Dynamic obstacle
To simulate the obstacle avoidance scenario of the proposed MPC-CBF integration scheme, an as-

sumed moving obstacle is placed initially at position (x = 3, y = 3)T with a velocity of 0.1 m/s and a heading
angle toward −3π/4. To evaluate the effectiveness of the proposed MPC-CBF integration scheme, controller
performance is also evaluated using three different methods (Turtlebot3, Gazebo, and MATLAB). Figure 11
shows the simulation environments defined in MATLAB in which the red and green dots denote the initial
and final positions, respectively, of the DDWMR. In addition, the blue circle represents the obstacle, the or-
ange dashed circles represent the safety margin of the CBF, and the magenta arrow represents the direction of
movement from the obstacle.

Figure 11. Illustration of dynamic obstacle scenario

3.4.1. MATLAB simulation
Figure 12 shows the MATLAB simulation result of robot trajectories during avoidance of a moving

obstacle. The calculated error from the robot over time can be seen in Figure 12(a), where the blue dashed
lines represent the position error along the X-axis and the orange dashed lines represent the robot position error
along the Y-axis. It can be seen in Figure 12(b) that the deviation of the error in the Y-axis occurs when the
robot avoids the moving obstacle. This figure thus demonstrates that the robot successfully performs the point
stabilization task while avoiding the obstacle by heading towards −θ with respect to the global frame.

Model predictive control with safety barrier enforcement for dynamic ... (Michael Andrianto Gunarso)
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(a) (b)

Figure 12. Simulated trajectories; (a) position error and (b) with dynamic obstacle

Figure 13 shows the generated control input for both linear and angular velocities, respectively, based
on the MPC-CBF controller in the moving obstacle scheme. The blue line represents the linear velocity and
the orange line represents the angular velocity of the robot. This figure shows that the linear velocity generated
by the solver remains in the maximum limit and started to decrease when the robot was near the goal point.
For the angular velocity, it can be seen that the spiking values occurred when the robot changed its orientation.
However, the generated control input remains bounded and does not exceed the specified constraint.

Figure 13. Control inputs consisting linear (top) and angular (bottom) velocities with dynamic obstacle

3.4.2. Gazebo vs real robot
Figure 14 shows the robot trajectories and the error value over time evaluated using the Gazebo sim-

ulation and the real robot. The blue dashed lines represent the error position along the X-axis and the orange
dashed lines represent the error position along the Y-axis. In Figure 14(a), it can be seen that the trajectories of
the Gazebo simulation and the real robot had the same pattern. It can be seen that when the robot approaches
the obstacle, the robot will avoid the obstacle by turning into +θ to avoid the collision. In Figure 14(b), it can be
seen that at some interval time, the error obtained did not change. This happened when the robot successfully
avoided the obstacle and the robot needed to calculate the controller to continue the point stabilization task.
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(a) (b)

Figure 14. Simulated and experimental trajectories; (a) position error and (b) with dynamic obstacle

Figure 15 shows the robot control inputs that consist of linear and angular velocities. The control
input generated in the real robot is shown in Figure 15(a), while the control input generated in the Gazebo
simulation is shown in Figure 15(b). In these figures, the blue lines represent the robot linear velocity, while
the orange lines represent the robot angular velocity. It can be seen that the generated control input for the real
robot and in Gazebo simulation have several oscillations compared to those obtained in MATLAB simulation.
These oscillations are mainly caused by the LiDAR measurement noise as the robot encountered the obstacle
and performed intensive computation to execute the avoidance control task. It also can be seen that the linear
velocity in both Gazebo simulation and the real robot at some time intervals goes to zero. This essentially
happened after the robot successfully avoided the obstacle and needed to start over the control computation due
to the change of its constraint set that is defined by the obstacle.

(a) (b)

Figure 15. Control inputs in real robot; (a) Gazebo simulation and (b) with dynamic obstacle

4. CONCLUSION
This paper has presented a safety-preserving controller design scheme for a DDWMR that incorporates

both safety and stability criteria in its formulation. The proposed scheme begins with the development of
a nominal point stabilization controller using the MPC scheme. To ensure safety, the CBF scheme is then
integrated into the nominal MPC scheme to prevent collisions with static or dynamic obstacles during the robot
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movement towards the goal pose. Based on results from numerical simulations and real robot experimental
validations, the proposed integrated MPC-CBF control scheme is shown to provide an effective solution for
safe and autonomous DDWMR navigation in a workspace filled with static/moving obstacles.

One main limitation of the proposed CBF-based method is the sensitivity of the constructed safe region
and control law to noisy sensor measurement in the feedback loop. As a consequence, the implementation of
the proposed controller requires a high precision sensor measurement signal. Under a noisy feedback signal,
the generated control law may potentially become more conservative and aggressively push the system towards
the interior of the safe set. This is because the controller assumes that the system trajectory is already close
to the boundary of the safe set, but in reality remains relatively far from the safe boundary set. In this regard,
future work will be directed toward exploring robust implementation of the proposed control scheme in the
presence of sensor and environmental disturbance/noise signals.

We point out that the MPC-CBF-based method developed in this paper only considers the avoidance
of an obstacle moving with a constant speed that is lower than that of the robot and without considering other
static/moving obstacles within the workspace. When the robot workspace becomes more complex and the
obstacle moves faster than the robot speed, the real time implementation of the MPC-based method generally
will be more computationally and mathematically challenging because the robot needs to solve a constrained
optimization problem repeatedly over a finite time horizon while accounting for dynamic obstacle motion
and system constraints. This is because each additional static/moving obstacle introduces new time-varying
collision-avoidance and safety constraints over the prediction horizon, making the number of constraints in
the optimization formulation quickly scales up with both the number of obstacles and the length of prediction
horizon. In addition, at each control step, the MPC-based method also needs to predict the future trajectory of
the robot by simultaneously taking into account both the safe evolution of the robot trajectory and the predicted
trajectories of moving obstacles. Finally, additional uncertainty in realistic motion of moving obstacles often
requires a robust or stochastic formulation of the safe obstacle avoidance problem, which eventually further
increases the computational burden of searching for an appropriate control action. All of these aspects usually
must be solved in real time, thereby creating a tight trade-off between the length of prediction horizon, model
robustness, safety guaranties, and computational feasibility of the proposed optimization-based method, which
needs to be further explored and researched in the future.
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