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Abstract— In this paper, we propose a method of motion
planning using MPPI based on obstacle cost maps, to realize
stable avoidance behavior for moving obstacles. The proposed
method creates cost maps considering moving obstacles, and
performs motion planning based on cost function formulation
with MPPI. In cost map creation, we propose a cost shape
that takes into account velocity and predicted poses of moving
obstacles. In motion planning, we adopt MPPI which is one
of the mainstream sampling-based methods. To apply cost
maps to MPPI, we formulate cost functions of MPPI that
appropriately avoid obstacles. In simulation experiments, we
performed moving obstacle avoidance in an environment with
50 pedestrians, and our proposed method achieved the highest
success rate (94%). Our method realized stable avoidance
behavior for moving obstacles even in crowded environments,
by creating cost maps considering velocity and predicted poses
of moving obstacles, and performing motion planning based on
these maps using MPPI.

I. INTRODUCTION

Autonomous mobile robots require navigation while
avoiding not only stationary obstacles but also moving ob-
stacles, including pedestrians. Motion planning is necessary
that appropriately avoid obstacles near the robot.

Model Predictive Path Integral Control (MPPI) [1] has
become one of the mainstream approaches for sampling-
based motion planning. Unlike Model Predictive Control
(MPC), MPPI has the advantage that it can handle non-
linear and non-differentiable cost functions, such as cost
maps. Furthermore, since it is a sampling-based method,
combining parallelization and GPU processing enables high-
speed computation.

Cost functions of MPPI can be designed arbitrarily and
are not uniquely defined. Therefore, when using MPPI for
moving obstacle avoidance, designing suitable cost functions
is required.

Fig. 1 shows the concept of the proposed method. In
this paper, we aim to realize stable avoidance behavior for
moving obstacles, and propose a motion planning method
using MPPI based on obstacle cost maps. Our proposed
method creates cost maps considering velocity and predicted
poses of moving obstacles and formulates cost functions of
MPPI that appropriately avoid obstacles.

The contributions of this paper are as follows:
• We propose a cost shape that considers velocity and

predicted poses of moving obstacles, and create obstacle
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Fig. 1. Concept of cost maps that take into account velocity and predicted
poses of moving obstacles.

cost maps based on it.
• To apply created cost maps, we formulate MPPI cost

functions that avoid obstacles appropriately.
• We conducted pedestrian avoidance experiments in

crowded environments using a simulator to demonstrate
the usefulness of the proposed method.

II. RELATED WORK

A. Motion Planning for Obstacle Avoidance

Representative methods for motion planning to avoid
obstacles include Dynamic Window Approach (DWA) [2],
Vector Field Histogram (VFH) [3] and Potential Field [4].

DWA [2] can avoid obstacles that consider the robot
kinematics and dynamics. Motion planning is performed by
sampling arc-shaped paths.

VFH [3] is a motion planning method that represents
the shape of obstacles using polar coordinate histograms
centered on the robot. The movement direction of the robot
is divided into angular segments and sampled as straight-line
paths.

Potential Field [4] generates repulsive forces from obsta-
cles and attractive forces from the goal, and performs motion
planning toward the direction of lower potential. This enables
the robot to navigate to the goal while avoiding obstacles
based on the potential.
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MPPI [1] used in the proposed method is also one of the
mainstream approaches for motion planning. Since sampling
is based on probability distributions, solutions can be found
from paths of various shapes. Furthermore, arbitrary cost
functions such as cost maps can be applied.

Also, there are methods using machine learning for motion
planning in environments with moving obstacles such as
pedestrians [5] [6] [7] [8].

Maddumage et al. [5] proposed a motion planning method
using reinforcement learning that considers relative velocity
between pedestrians and the robot. Instead of the circular
penalty areas that only consider distance, they use penalty
areas extended in the direction of relative velocity to enable
consideration of interactions between pedestrians and the
robot.

Kanezaki et al. [6] proposed a motion planning method
using Goal-Directed Obstacle and Self-Location (GOSELO)
maps, which are obstacle maps that are cropped, rotated, and
rescaled according to the target pose and the current pose of
the robot. This enables obstacle maps to be represented that
correlate with the movement of the robot, thereby improving
the generalization performance of navigation using a CNN.

Matsumoto et al. [7] proposed a motion planning method
that switches between learning-based and rule-based ap-
proaches. It combines motion planning based on a learning-
based approach in intended environments, and motion plan-
ning based on a rule-based approach to reliably avoid colli-
sions in unintended environments.

Nishimura et al. [8] proposed a method that avoids colli-
sions with pedestrians in crowded environments, while also
requesting surrounding pedestrians to clear the path by the
robot emitting sounds as necessary. Through human-robot
interaction, robots achieve both safe and efficient movement.

The proposed method performs motion planning using
MPPI without using machine learning. By sampling based
on probability distributions, we ensure diversity of paths
for obstacle avoidance. Furthermore, we explicitly represent
moving obstacles in cost maps and apply costs considering
velocity and predicted poses to MPPI.

B. Cost Maps for Obstacle Avoidance

Lu et al. [9] proposed Layered Costmap for creating cost
maps by integrating Static Layer, Obstacles Layer, and Infla-
tion Layer. This enables handling of not only static obstacles,
but also dynamic (quasi-static) obstacles. Obstacles Layer
reflects poses of acquired dynamic obstacles on cost maps,
but does not consider their velocity. In contrast, Chen et al.
[10] added Velocity Obstacle Layer that represents velocity
based on Velocity Obstacle [11].

Furthermore, Jian et al. [12] proposed a method that
creates cost maps by predicting obstacle movement and then
assigning costs considering velocity around predicted poses.
However, the expansion size except for the direction of
obstacle movement that considers velocity is determined by
fixed parameters. Movement prediction is always subject to
error, but this method cannot take into account those errors.
In addition, motion planning is performed using DWA [2].

C. Obstacle Avoidance using MPPI

MPPI is one of the mainstream sampling-based motion
planning approaches and is also implemented in ROS 2
Navigation2 [13] [14]. Other related work using MPPI in-
clude SVG-MPPI [15], which addresses the multimodality
of optimal path distributions for obstacle avoidance, and
SCP-MPPI [16], which combines path sampling with spline
interpolation. In these methods, the Stein Variational Gradi-
ent Descent (SVGD) method [17] is applied to the MPPI.
Furthermore, MPPI can be applied to mobile robots with
various drive systems. For example, 4WIDS-MPPI [18] has
been proposed applied to a four-wheel independent drive and
steering (4WIDS) vehicle.

Additionally, there are methods that perform moving ob-
stacle avoidance using MPPI [19] [20].

Suresh et al. [19] proposed a method that creates elliptical
cost maps with the direction of obstacle movement as the
major axis and combines them with MPPI. However, velocity
and predicted poses of obstacles are not considered, and the
same size cost is set for all obstacles. Although our proposed
method and their approach are similar, there is a difference
in whether only the direction of obstacle movement is
considered or whether both velocity and predicted poses are
also considered.

Also, Mohamed et al. [20] performed movement pre-
diction using Linear Kalman Filter (LKF), and combined
collision checks with its trajectory using MPPI. However,
since only collision checks with the trajectory are performed
and the cost map concept is not applied, paths that traverse
the immediate vicinity of obstacles may be selected unless
a collision occurs.

III. MOTION PLANNING
CONSIDERING MOVING OBSTACLES

A. Overview

As shown in Fig. 1, the proposed method creates cost
maps considering velocity and predicted poses of moving
obstacles, and then performs motion planning using MPPI
based on these maps. Cost functions of MPPI used in motion
planning reflect obstacle costs from created cost maps and are
designed to enable proper obstacle avoidance. In this paper,
simulation experiments are conducted, while velocity and
poses of moving obstacles are obtained from the simulator.

The movement prediction uses constant velocity model
[21] that assumes obstacles move at constant velocity. The
obstacle cost is centered on the predicted pose and is shaped
to consider not only velocity but also prediction error.

The implementation of MPPI in this paper uses MPPI-
Generic [22]. MPPI-Generic is a library implemented in
C++/CUDA. By the way, there are also other libraries
such as mppi playground [23] and python simple mppi [24]
implemented in Python.

B. Cost Design of Moving Obstacles

Fig. 2 shows the concept of obstacle cost design consid-
ering velocity and predicted pose. The obstacle cost is set
centered on the predicted pose, with its length increasing in
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Fig. 2. Obstacle cost is designed considering velocity and predicted pose.
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Fig. 3. Example of costs based on distance from obstacles.

the direction of obstacle movement according to velocity, and
its size increasing according to the distance from the robot
to the obstacle to take into account prediction error.

By making obstacle costs longer according to velocity,
the robot is made less likely to select paths that cross the
direction of obstacle movement. In addition, designing an
obstacle cost larger according to the distance between the
robot and the obstacle reflects the increasing prediction error
for obstacles with longer prediction times (i.e., obstacles
farther from the robot) in the obstacle cost.

Fig. 3 shows an example of obstacle costs based on
distance from obstacles. The cost of obstacle radius (obstacle
radius in Fig. 3) is set to 100, and the cost of collision radius
(collision radius in Fig. 3) is set to 99. Then, the cost of the
range beyond collision radius is set based on Eq. (1) [9].

Ccell(x) = (100− 1)× exp (−1.0× w × (d− r)) (1)

Where Ccell(x) is the cost of the cell in the cost map
corresponding to pose x. w is the weighting parameter and
set to 1.066, and is determined so that Obstacle Cost of
inflation radius in Fig. 3 is 20.0. Also, d and r correspond
to the distance and collision radius in Fig. 3, respectively.

The inflation radius of obstacle costs is determined sep-
arately for the forward direction, backward direction, and
orthogonal direction. Then, the obstacle cost value is set so
that the cost at the inflated boundary becomes 20.0.

Robot

Obstacle
Cost

Sample Paths Optimal Path

Fig. 4. Proposed motion planning using MPPI based on the cost map.

The inflation radius rf in the forward direction of the
obstacle cost illustrated in Fig. 2 is determined based on Eq.
(2). The inflation radius rb in the backward direction and the
inflation radius ro in the orthogonal direction are determined
based on Eq. (3).

rf = lmin + (lmax − lmin)

(
α

robs

rmax
+ β

vobs

vmax

)
(2)

rb = ro = smin + (smax − smin)
robs

rmax
(3)

Where lmax is the maximum value of the inflation radius
in the forward direction, and lmin is the minimum value.
smax is the maximum value of the inflation radius in the
backward direction and the orthogonal direction, and smin is
the minimum value. Furthermore, robs is the distance between
the robot and the obstacle, vobs is velocity of the obstacle,
and α and β are weighting parameters. For normalization,
the distance between the robot and the obstacle is divided
by rmax, the upper limit of obstacle distance reflected in cost
maps, and velocity on the obstacle is divided by vmax, its
maximum value.

C. Motion Planning using MPPI

Fig. 4 shows the behavior of motion planning using MPPI
based on obstacle costs with the proposed method. The state
transition model of the robot uses a differential drive model,
and the cost function is designed as shown in Eq. (4).

C (xt) = γ
Cgoal (xt)

Cgoal max
+ δ |vt|

Cmap (xt)

Cmap max
(4)

Where γ and δ are weighting parameters. xt is the state
of the robot at time t for each sample, represented by
(xt, yt, θt, vt, ωt). xt, yt, θt are the robot pose, vt, ωt are
velocity and angular velocity of the robot. C(xt) is the state
cost, and the terminal cost uses the same.

The goal cost term Cgoal (xt) and the obstacle cost term
Cmap (xt) are designed as shown in Eq. (5) and Eq. (6),
respectively.

Cgoal (xt) = ∥xt − xgoal∥xy dist (5)

Cmap (xt) =

{
∞ (Ccell (xt) ≧ 99)

Ccell (xt) (Ccell (xt) < 99)
(6)
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Where in Eq. (4), for normalization relative to Eq. (5) and
Eq. (6), each is divided by the maximum distance to the
goal Cgoal max and the maximum obstacle cost Cmap max,
respectively.

In Eq. (4), in order to prevent the robot from passing
through at high speed when the cost map is filled with
obstacle costs, the obstacle cost term Cmap(xt) is multiplied
by the absolute value of velocity |vt|. If this is not done,
when the obstacle cost Cmap (xt) becomes similarly large for
all samples (i.e., when the map is filled with obstacle costs),
the control input “accelerates” will be selected to reduce the
goal cost Cgoal (xt). On the other hand, multiplying by the
absolute value of velocity |vt| imposes a larger penalty when
passing through areas with high obstacle costs at high speeds.
This makes the control input select either “slows down” or
“avoids areas with high obstacle costs”.

In Eq. (5), a penalty is imposed based on the goal cost
with greater distances given greater penalties. xgoal is the
goal pose, and ∥xt − xgoal∥xy dist is the distance between the
robot and the goal at time t for the sample in the xy-plane.
Local Goal is given as this goal.

In Eq. (6), a larger penalty is given for passing through
areas with higher obstacle costs. Ccell (xt) is the obstacle cost
assigned to the cost map cell that corresponds to the robot
pose at time t of the sample. In case Ccell (xt) ≧ 99, the robot
is within the collision radius shown in Fig. 3, and an ∞ cost
is set because the path will collide with an obstacle. On the
other hand, in case Ccell (xt) < 99, the robot is outside the
collision radius, so the cost assigned to the cost map is used
as the cost.

In MPPI, random samples of control inputs Vk =
[v0,v1, . . . , vT−1], with Gaussian noise added up to time T ,
are sampled K times. For the K sample sequences [Vk]

K
k=1

created, the cost S (Vk) of control inputs up to time T is
calculated using the cost function defined in Eq. (4), as
shown in Eq. (7).

S (Vk) =

T∑
t=0

C (xt) (7)

Then, the weight wk for each sample Vk is calculated as
shown in Eq. (8).

wk =
1

η
exp

(
− 1

λ
S (Vk)−

T−1∑
t=0

(ût − ũt)
T
Σ−1vt

)
(8)

Where η is the normalization term, λ is the temperature
parameter, and Σ is the covariance matrix of the Gaussian
distribution generating the random samples. Also, Ût =
[û0, û1, . . . , ûT−1] is the initial estimated solution, and
Ũt = [ũ0, ũ1, . . . , ũT−1] is the nominal input sequence.

Finally, the optimal solution Ut
∗ is found using the

weighted average as shown in Eq. (9).

Ut
∗ =

K∑
k=1

wkVk (9)

The implementation in this paper uses the prediction
horizon T = 0.02 [s] × 50 [times] = 1 [s], the sample

Robot

Pedestrian

20 m

10 m

Goal

Start

Fig. 5. Experimental environment: pedsim ros [25] is used for a pedestrian
simulator.

size K = 2048, the temperature parameter λ = 0.2, and the
parameter σ = 3.0 for the sample covariance matrix Σ. Also,
the initial estimated solution Ût uses the previous optimal
solution, and the nominal input sequence is Ũt = 0.

IV. EXPERIMENTS

A. Experimental Conditions

We conducted pedestrian avoidance experiments in
crowded environments using a simulator to evaluate the
avoidance performance of the proposed method. We used
pedsim ros [25] for a pedestrian simulator. Pedestrians
moved based on Social Force Model [26], and they took
avoidance actions not only toward other pedestrians but also
toward a robot. Also, the poses and velocity of pedestrians
at each time were obtained true values from the simulator.

Fig. 5 shows the experimental environment. The number
of pedestrians was 50, and the area within which pedestrians
could move was set to 20 m in length and 10 m in width.

When creating the cost map, the weighting parameters in
Eq. (2) were set to α = 0.5 and β = 0.5. In addition, the
maximum and minimum values of inflation radius in Eq. (2)
and Eq. (3) were set to lmax = 2.0 [m], lmin = 1.0 [m], smax =
1.2 [m], and smin = 0.7 [m]. The weighting parameters of
the cost function in Eq. (4) were set to γ = 4.0 and δ = 5.0.

Fig. 6 shows cost maps created using each method. The
types of cost maps are: 1. Collision Radius Only (Fig. 6 (a)),
2. Circular Inflation (Fig. 6 (b)), 3. Considering Velocity (Fig.
6 (c)). Also, the obstacle costs indicated in Fig. 6 were set
for current pedestrian poses.

As methods for comparison in experiments, the types of
cost maps and the uses of predicted poses are: 1. Collision
Radius Only (Fig. 6 (a)) without predicted poses, 2. Circular
Inflation (Fig. 6 (b)) without predicted poses, 3. Considering
Velocity (Fig. 6 (c)) without predicted poses, 4. Considering
Velocity (Fig. 6 (c)) with predicted poses (ours). In case
4. Considering Velocity with predicted poses, the shape of
obstacle costs was the same as in Fig. 6 (c), but the cost
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TABLE I
EVALUATION OF MOVING OBSTACLE AVOIDANCE FOR EACH COST MAP TYPE

Cost Map Type SR [%] ↑ PL [m] ↓ NT [s] ↓ OD [m] ↑

Collision Radius Only 69 20.1 18.7 1.74
Circular Inflation 79 20.2 34.7 1.80

Considering Velocity (w/o Predicted Poses) 87 20.3 25.0 1.81
Considering Velocity (w/ Predicted Poses, Ours) 94 20.2 24.8 1.81

SR: Success Rate, PL: Path Length, NT: Navigation Time, OD: Obstacle Distance

Robot

Cost Area

(a) Collision Radius Only

(b) Circular Inflation (c) Considering Velocity
(Ours)

Fig. 6. Cost maps created using each method. Obstacle cost colors
correspond to the plot in Fig. 3.

center was the predicted pose rather than the current pose.
Additionally, in case 2. Circular Inflation, inflation radius
was set to 2.0 m, the same as the maximum value of the
proposed method.

B. Experimental Results

Experiments were conducted 100 times for each condition.
The evaluation metrics were success rate (SR), path length
(PL), navigation time (NT), and average obstacle distance
to the closest pedestrian (OD). A collision was defined as
occurring when the distance between the pedestrian and the
robot was less than the collision radius. Any result involving
a collision with a pedestrian was considered a failure. For
items other than the success rate, the average value was
calculated only for successful results.

Table I shows evaluation results of moving obstacle avoid-
ance for each cost map type. In addition, Fig. 7 shows an
example of robot trajectories of each cost map type.

Our proposed method achieved the highest success rate
(SR) among the four methods. In addition, focusing on
the average obstacle distance (OD), all three methods with
inflated obstacle costs, except for Collision Radius Only,
kept similar distances. Among these three methods, focusing

(a) Collision Radius Only (b) Circular Inflation

(c) Considering Velocity (d) Considering Velocity
(w/o Predicted Poses) (w/ Predicted Poses, Ours)

Fig. 7. Robot trajectories of each cost map type.

on the path length (PL) and the navigation time (NT), our
method reduced both path length and navigation time. On the
other hand, comparing the proposed method with Collision
Radius Only, both path length and navigation time of ours
were increased. However, this is a result of the robot taking
avoidance actions against pedestrians. Comparing Fig. 7 (a)
and Fig. 7 (d) also indicates that Collision Radius Only takes
almost no avoidance action, while our proposed method takes
avoidance action.

V. CONCLUSION

In this paper, we aimed to realize stable avoidance behav-
ior for moving obstacles, and proposed a motion planning
method using MPPI based on obstacle cost maps. The
proposed method created cost maps considering velocity and
predicted poses of moving obstacles and formulated cost
functions of MPPI that appropriately avoid obstacles. Fur-
thermore, we conducted pedestrian avoidance experiments in
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crowded environments using a simulator, and demonstrated
the usefulness of the proposed method for moving obstacle
avoidance. In the future, we plan to conduct further research
to improve avoidance performance and verify it in the real
world.
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