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Abstract: This paper proposes an obstacle avoidance controller based on Monte Carlo Model Predictive Control
(MCMPC), utilizing samples generated by the C/GMRES method. MCMPC, a sample-based approach, is less prone
to local minima, making it suitable for non-convex problems, such as mobile robot navigation. However, MCMPC tends
to produce discontinuous control input that causes wear and tear on actuators. To mitigate this, the present study utilizes
smooth control inputs generated by the C/GMRES method, reducing oscillations while exploring global solutions. This
allows the solution to track an optimum, enabling it to find alternative global solutions and avoid deadlock. This paper
validates the performance through comparisons with conventional approaches and ensures feasibility through experiments.
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1. INTRODUCTION

For planetary rovers, to overcome communication de-
lays and bandwidth limitations, autonomous navigation
is essential. It should be capable of obstacle avoidance
of rocks and craters, adapt to various terrains, and min-
imize mechanical stress on the robot body [1]. Various
types of rovers have been developed and deployed in
past missions [2] [3]. Leg/wheel mobile robots [4] [5]
are equipped with both legged and wheeled locomotion
mechanisms. Its hybrid mechanism allows the robot to
navigate through narrow and rough terrain, while dexter-
ous control algorithm is required for operation.

Previous studies on leg/wheel mobile robots include
PID control for obstacle avoidance and steep slopes [6],
and the development of an adaptive leg placement control
using point-to-point control [7]. However, these control
approaches face difficulties in simultaneously satisfying
multiple requirements, such as posture stabilization and
constraint-aware motion planning, and may lead to sin-
gular postures. To address these challenges, Model Pre-
dictive Control (MPC) has been applied to handle multi-
ple control objectives under constraints, for example, tra-
jectory tracking control [8] [9]. For obstacle avoidance,
an optimal configuration controller [10] and distributed
MPC [11] for planar leg/wheel mobile robot were pro-
posed. These studies utilized gradient-based optimization
methods, however, they are known to prone to have con-
vergence to local optima in complex environments, which
may cause stacking of robots. To address this limita-
tion, Monte Carlo Model Predictive Control (MCMPC),
a sample-based optimization method [12—17], has been
applied to handle multiple local optimal solutions. How-
ever, applying MCMPC can generate discontinuous in-
puts, potentially causing wear and tear on actuators.

This study proposes a method combining a gradient-
based approach for smooth control inputs with a
sampling-based approach to avoid local optima. While
this combination has been explored previously [18—
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20], our prior work [23] integrated MCMPC with the
C/GMRES method [21] [22]. It generates one MCMPC
sample from the C/GMRES solution with smooth inputs
and enables multimodal obstacle avoidance. However,
significant control chattering still appeared due to persis-
tent sampling of random inputs. To address this issue,
the present study proposes an MCMPC approach where
samples are generated by adding random perturbations to
the C/GMRES solution. The method’s effectiveness is
verified through simulation and experiment.

2. PROPOSED METHOD

2.1. Nonlinear model predictive control

Suppose the model of nonlinear dynamics is described
by x(t) = f(x(t),u(t)) where x and u denote the state
and control input, respectively, and f is a vector-valued
function. Nonlinear model predictive control computes
the optimal input that minimizes the evaluation function

+T
J=px,t+7T) +/ L(x,u,7)dr (1)
¢

where ¢ and L denote a terminal and stage cost.

2.2. Monte Carlo Model Predictive Control [12-16]

MCMPC computes control input by exploiting a
sampling-based optimization technique known as the
Monte Carlo method. In this approach, a large number of
time-series samples for x and u that obeys randomly per-
turbated dynamics are generated around a quasi-optimal
solution. These samples are then evaluated and resam-
pled using the evaluation function (1), and samples with
the small evaluation are used for control input. Since it
does not require the computation of gradients of the eval-
uation function, it can handle discontinuous functions and
cope with multimodal optimization problems.

2.3. C/GMRES method [21] [22]

The C/GMRES method is a real-time optimization al-
gorithm for nonlinear model predictive control. This
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method combines the continuation method with the GM-
RES algorithm and computes the optimal control input
by solving the algebraic equations F (u,x,t) = 0 with

H,! (x0, A1, u0, f1o)

C(xo,uo)
F(u,x,t) = : 2)
HJ (XN_1, AN, #N_1, AN 1)
Clxn—1,un-1)
where H is the Hamiltonian function given by
H(x, A\ u, 1) =L(x,u) + X flx,u) + p  Clx,u)  (3)

and H,, denotes the partial derivative of the Hamiltonian
function with respect to the input #. A and p denote the
costate variables and Lagrange multipliers, respectively,
and C represents the equality constraints on the state and
control input, expressed as C(x,u) = 0. By solving
Eq. (2), the control input that satisfies the stationarity con-
dition of the evaluation function can be obtained. In gen-
eral, it is difficult to obtain the control input in real-time
that F(u,x,t) = 0 always holds. Thus, it is approximated
using a positive constant «:

F(U,x,t) = —aF(U,x,t). 4)

Since the optimality error F' converges to zero through
evolution over time, FF = 0 can be satisfied. The equation
Eq. (4) is treated as a system of linear equations concern-
ing U, which is solved using the GMRES method. The
resulting U is then integrated to obtain the control input.

2.4. Combination of MCMPC and C/GMRES

In this study, we obtain a quasi-optimal solution by
evaluating samples generated by adding random pertur-
bations to the C/GMRES solution. The algorithm is pre-
sented in Algorithm 1. First, a single input g, (¢) is com-
puted via the C/GMRES method. Next, N — 1 random
perturbations u%;N ~! are generated from a normal dis-
tribution, and these are added to the input obtained by

the C/GMRES method. Then, using both g, (t) and
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Mrlno]cv()_ }11_1‘ ¢» a total of N input samples ,LLM ., are con-

structed. Based on these input samples, predicted trajec-

tories xié\’ are computed, and the corresponding evalu-

ation values J'V are evaluated using a evaluation func-
tion. Subsequently, resampling is performed using the
N — 1 input samples excluding the one with the worst
evaluation. If the C/GMRES solution yields the best eval-
uation, it directly becomes the initial value for the next
time step. Conversely, if a different sample is optimal, it
initializes the subsequent C/GMRES iteration. The sys-
tem state is then updated using the best-evaluated input.
Fig. 1 illustrates the switching instance between multiple
optimal trajectories, where the red solid line represents
the optimal solution, the yellow solid line indicates the in-
put obtained from the C/GMRES method, the blue solid
lines correspond to the top 10 % of samples in terms of
evaluation, and the gray solid lines represent the remain-
ing samples. Even when the C/GMRES method results
in a local optimum, our approach utilizes randomly per-
turbed samples to switch to a different optimum.

3. MPC FOR OBSTACLE AVOIDANCE

3.1. Evaluation function for optimal input calculation

As an evaluation function formulated for MPC, the ter-
minal cost p(x,t + T') and stage cost L(x,u, ) of the
proposed MCMPC are respectively defined as

plox, ) =) TPEC) £ L Wor 3 pla()
k=1
Lx,u,7) = ¥(7)TQ¥(r) + LV (1) RV (7)
1 m
#3o Dple(r) 4 ()l )

where x and ‘7(7’) represent the deviation from the tar-
get state and velocity, respectively. P, @ and R are pos-
itive definite constant used as weights for corresponding
terms. The term p(x) is the artificial potential field for
avoiding m obstacles, with W,,, and W being its corre-
sponding weights. To account for obstacle size, this study
employs the elliptical potential field method [10]. Finally,
fv is a penalty term that increases the cost if the velocity
change from the previous time step exceeds a threshold.

3.2. Evaluation functions for the C/GMRES method

In this study, the same terminal cost as defined in Sec-
tion 3.1 was used for the C/GMRES method. However, a
different stage cost was employed, as evaluating the input
tends to yield better obstacle avoidance trajectories, and
incorporating penalty terms is challenging in gradient-
based methods. The stage cost used in the C/GMRES
method is defined as

ﬁ(T)Tchi‘(T)

g Woee D plx(r)
k=1

N | =

L(x,u,7) :%E(T)Tchfc(T) +
&)



(a) Before switching solution.

(b) Time to switch solution.

(c) After switching solution.
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Fig. 1 The switch from a locally optimal solution to a globally optimal solution.

where #(7) represents the deviation from the target con-
trol input, while ch, R s, W, ¢ are the weights for the
corresponding terms.

3.3. Change in target values for C/GMRES method

To allow large deviation from the reference trajec-
tory, we dynamically update the C/GMRES reference tra-
jectory. At each time step, this update involves a se-
lection process in which the existing reference is com-
pared against a new trajectory projected from the previ-
ous step’s optimal input. The superior trajectory, evalu-
ated using the evaluation function J, is chosen as the new
reference. Finally, a second-order filter is applied to this
selected path to ensure its smoothness and continuity.

4. SIMULATION

This chapter first outlines the controlled object and
simulation conditions. Subsequently, we conduct a com-
parative study of three methods to verify the effective-
ness of our approach: the proposed method, standalone
MCMPC, and the method of [23] augmented with the
C/GMRES reference modification described in Section
3.3 (hereafter Mixed-MPC).

4.1. Control object

In this simulation, we verify the effectiveness of the
proposed method by applying it to the obstacle avoidance
control of a planar leg/wheel mobile robot, as shown in
Fig. 2. For simplicity, only the pose of the robot body is
considered as the controlled variable, while the joint an-
gles and wheel positions are controlled using the method
from [24]. The pose, consisting of the z — y coordinates
of the body center and its orientation angle, is defined as
the state py, and its time derivative, the velocity p,, is
taken as the input. Consequently, the state equation is

given by py, (t) = pu, (1).
4.2. Condition

As the simulation conditions, the target trajectory was
set as a straight line with y = 0, and obstacles were
placed as shown in Fig.3. The robot’s sensor range
was set to a 1.5 m radius, and no obstacles were recog-
nized initially. Table1 lists the parameters of the con-
trolled system configured in the program: number of
discretization steps, prediction horizon, number of sam-
ples for Mixed-MPC and the proposed method, num-
ber of samples for MCMPC, number of iterations for
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the GMRES method, damping coefficient and natural an-
gular frequency of the second-order filter, the parame-
ter « representing the weights for MPC, control period
A, simulation duration, initial position, and target ve-
locity.Additionally, the value indicating the convergence
speed of the C/GMRES method equation is a = 10.0, the
weights of the stage cost and terminal cost of the elliptical
potential are W, = 0.9 and Wy = 2.7, and the weights
for the stage cost and terminal cost of the elliptic poten-
tial in the C/GMRES method are set to W, .o = 0.036
and Wy oo = 0.108, respectively.
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Fig. 3 Reference trajectory, robot, and obstacles.

Table 1 Parameters of planar model.

Parameter \ \ Value
Number of divisions 30
Horizon 6.0
Number of samples 180
Number of MCMPC samples 3000
Number of GMRES iterations 3
Damping coefficient 1.0
Natural angular frequency 55.0
0 diag(30, 10, 3)
R 100
P diag(90, 30, 10)
O, diag(27, 27, 3)
R, diag(50, 50, 5)
P diag(81, 81, 10)
A [ms] 54
Simulation duration [s] 40
Initial position [m] (0.0, 0.0)
Target velocity [m/s] 0.25

4.3. Result

The results for MCMPC, Mixed-MPC, and the pro-
posed method are presented in Fig. 4, Fig. 5, and Fig. 6,
respectively. In these figures, (a) details the trajecto-
ries of the robot body and wheels, (b) the z- and y-



coordinates of the body, and (c) the control inputs. While
all methods successfully avoided the obstacles, a com-
parison of their control inputs (c) reveals significant dif-
ferences. As shown in Fig. 4(c), the MCMPC input was
persistently oscillatory, whereas the Mixed-MPC'’s input,
seen in Fig. 5(c), stabilized after an initial oscillatory pe-
riod of approximately 26.7s. In contrast, the proposed
method, illustrated in Fig. 6(c), maintained largely stable
inputs with only slight oscillations punctuated by abrupt
changes around 3.55s, 13.0's, and 24.55s.

4.4. Discussion

Figure4, Fig.5, and Fig.6 compare the standalone
sample-based method with the combined sample-based
and gradient-based approaches. All methods successfully
avoided the obstacles with no significant differences. A
comparison of the control inputs reveals MCMPC pro-
duced the most fluctuated behavior. In contrast, both
the proposed method and Mixed-MPC suppressed these
oscillations to some extent. These results demonstrate
the advantage of combining sample-based and gradient-
based approaches for suppressing input vibrations.

Regarding the number of samples, the proposed
method and Mixed-MPC required 180 samples, whereas
MCMPC alone used 3000. These results confirm that
the combined approach suppresses input oscillations even
with a significantly smaller sample size. This effec-
tiveness is attributed to the fact that the combination of
sample-based and gradient-based approaches extensively
utilizes the C/GMRES solution, which tends to locate
near the true optimum. Incorporating this solution makes
other samples more likely to cluster near the optimal so-
lution during resampling.

Next, a comparison between Fig. 5 and Fig. 6 reveals
that the proposed method better suppresses input oscilla-
tions. This improvement is attributed to the difference in
sample generation. Mixed-MPC uses the C/GMRES so-
lution as only one of its samples; consequently, if purely
random samples are repeatedly selected, the control in-
put can lose temporal consistency and exhibit large os-
cillations. In contrast, the proposed method generates all
samples by adding random perturbations directly to the
C/GMRES solution. Thus, the added noise can be seen
as compensating for the C/GMRES solution’s optimality
error F at each time step. Because this solution is al-
ready near the optimum, the resulting input changes are
minor, leading to smoother, more continuous behavior.
For these reasons, the proposed method is more effective
at suppressing input oscillations.

Finally, the intended effect of the proposed method is
demonstrated. Figure 7 illustrates that when the robot
is suddenly blocked, the distribution of noise-perturbed
samples enables the system to explore alternative paths
different from the one suggested by the C/GMRES so-
Iution. This exploration allows the system to find viable
trajectory. Subsequently, as indicated by the state shown
in Fig.7(b), the C/GMRES method resumes its compu-
tation from this newly discovered path, successfully sup-
pressing input oscillations. This process confirms that the
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proposed method achieves its objective of enabling con-
tinuous motion by navigating unforeseen obstacles.

5. EXPERIMENT

This section evaluates the performance with the pro-
posed method implemented into the robot of Fig. 2.

5.1. Condition

The target trajectory was set to y = 0, and five ob-
stacles were placed as in Section 4. Obstacle 1-2 were
placed in the same locations as in Fig. 3, and Obstacle 3-
5 were placed 1 m behind the locations in Fig.3 in the
positive direction of the z-axis. In addition, the detec-
tion range of the robot’s sensors was set to a radius of
3m. Furthermore, the parameters set in the program
are shown in Table 2. Additionally, the values indicating
the convergence speed of the C/GMRES method equa-
tions, the elliptical potential weights, and the elliptical
potential weights of the C/GMRES method are set to
a = 10.0, W, = 0.9, Wy = 2.7, W, g = 0.036, and
Wot,ce = 0.108. In this experiment, the visual feedback
system described in [23] was used. Parameters and ex-
perimental conditions were modified from the simulation
in order to reproduce the stack.

Table 2 Parameters of planar model.

Parameter I Value
Number of divisions 30
Horizon 6.0
Number of samples 180
Number of GMRES iterations 3
Damping coefficient 1.0
Natural angular frequency 50.0
0 diag(15, 12, 3)
R 100
P diag(45, 36, 10)
0., diag(27, 27, 3)
R, diag(50, 50, 5)
P, diag(81, 81, 10)
A [ms] 54
Initial position [m] (0.0, 0.0)
Target velocity [m/s] 0.25

5.2. Result and discussion

Figure 8 shows the results of the actual experiment,
where (a) shows the path traveled by the vehicle body
and wheels, (b) shows the position of the vehicle body in
the z and y directions, and (c) shows the input in the x
and y directions of the vehicle body. Figure 9 shows the
robot’s posture and the sample’s state at each time point,
which confirmed that obstacle avoidance was achieved.

Figure 8 depicts the practical effectiveness of the pro-
posed method on an actual robot, which successfully sup-
pressed input vibrations while avoiding obstacles, corrob-
orating the simulation results from Chapter 4.

Furthermore, as shown in Fig.9(a), Fig.9(b), and
Fig.9(c), at 4.48s, the optimal solution and the
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Fig. 9 Images of robot posture, wheels, and samples at each time.

C/GMRES method solution are attempting to avoid Ob-
stacle 1 from the negative y-axis direction. At 4.53 s, the
optimal solution is avoiding Obstacle 1 in the positive di-
rection of the y-axis, while the C/GMRES method solu-
tion is avoiding it in the negative direction of the y-axis.
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Subsequently, both solutions obtain solutions that avoid
Obstacle 1 in the positive direction of the y-axis. This
behavior is attributed to the fact that, similar to the simu-
lation, adding random numbers to the C/GMRES method
enabled the exploration of a global optimal solution.



Additionally, from Fig. 8(a) and Fig. 8(b), a slight
overshoot of the target path occurs around z = 6.8m,
attributed to a tracking error in the separate optimization
routine that calculates the joint angles based on the veloc-
ity command from the proposed method. Although the
velocity command is accurate for following the path, as
shown in Fig. 9(d), the subsequent joint angle optimiza-
tion introduces a transient error, causing this deviation.

6. CONCLUSION

This study proposes a method for generating MCMPC
samples based on the solution of the C/GMRES method.
It validates its effectiveness through comparisons with a
previously developed approach and its implementation
on an actual robot. The previous method had the issue
that when the C/GMRES solution was not selected, the
control inputs exhibited excessive chattering. In contrast,
the proposed method generates MCMPC samples based
on the C/GMRES solution, successfully suppressing in-
put chattering while enabling obstacle avoidance, and its
performance was demonstrated on an actual robot. This
work was partially supported by JSPS KAKENHI Grant
Number JP25K01255.
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