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Abstract

For robot navigation in dynamic environments where many people are moving
around the robot, it is essential to ensure human safety by avoiding collisions
between humans and the robot during navigation. In order to do this, it is
necessary to estimate the danger of collision in advance by not only considering
the current human state but predicting future human states. However, focusing
exclusively on collision avoidance can cause the robot to move too slowly to stop
entirely. Therefore, in addition to ensuring human safety, the robot should also
consider the movement efficiency, i.e., how can the robot reach the goal without
wasting time and with the shortest path.

In this thesis, we propose a new path planning method that considers human
movement in a local path planner and achieves human-safe and robot-efficient
navigation in dynamic environments while avoiding collisions. To generate a
safe path, we predict regions with possible collisions between the robot and
the human from the future human state and use this information to evaluate
a trajectory in the local path planner. Furthermore, in order to improve the
movement efficiency of the robot, we add the direction of the human movement
of the predicted collision area to the proposed trajectory evaluation function,
which allows the robot to plan an evasive maneuver around the human. We
evaluated the navigation performance using the proposed method by simulating
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multiple situations where the robot crosses paths with the human at different
angles, and compared it to state-of-the-art methods and the static navigation
provided by default in the Robot Operating System.

Keywords:

collision avoidance, local path planning, dynamic navigation, cost function, au-
tomobile robots
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G(v, ω) = δ(α · heading(v, ω) + β · distance(v, ω) + γ · velocity(v, ω)) (1.2.1)
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2 1

1

Fig. 2.1
3

Prediction
layer Direction layer

Fig. 2.1: Structure of a layered costmap in proposed system.
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2.1.1 Prediction Layer

Prediction layer Prediction layer

Prediction layer Encounter time [23]
Encounter time

te (2.1.1)

te = arg min
t

D(sr(t), sh(t)) (2.1.1)

sr(t) sh(t) t

D(∗)
s(t)

te

Prediction layer
te

te c

(2.1.2)

Ph(c|te) =
1√

2πσ2
exp

{
− (c − s(te))2

2σ2

}
(2.1.2)

(2.1.2) σ2
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Fig. 2.2
d Dmax Dmin d

σ2

Fig. 2.2: Transition of covariance of Eq. 2.1.2.

Prediction layer Algorithm 1

Algorithm 1 Prediction layer
Require: sr, sh

Ensure: Obstacle cost
1: te ⇐ arg min

t
D(sr(t), sh(t))

2: for each cell c do
3: Obstacle cost ⇐ Ph(c|te)
4: end for
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2.1.2 Direction layer

Prediction layer

Prediction layer

Prediction layer

Fig. 2.3
Prediction layer

Prediction layer
Fig. 2.3(a) Fig. 2.3(d) Fig. 2.3(a)

Prediction layer

Prediction layer Fig. 2.3(b)
Fig. 2.3(c) Fig. 2.3(a)

Fig. 2.3(d)

Direction layer
Direction layer Fig. 2.4 Prediction layer (2.1.2)

−→vh αh ∈ [0, 2π]
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(a) (b)

(c) (d)

Fig. 2.3: An example of inflation case. The colored cell represents Cost dis-
tribution generated by the Prediction layer the cost increases from blue to
red. Fig. 2.3(a) to (d) show the result of a simulation. If the robot had the
information about the direction of the human movement, it would not need to
replan.
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(a) Cost distribution generated by the Prediction
layer.

(b) The direction of human movement is stored in
cells where there is a cost from the Prediction layer.

Fig. 2.4: Direction layer.
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Direction layer Algorithm 2
CMAX αh ∈ [0, 2π]

[0, 255] Direction layer

Algorithm 2 Direction layer
Require: sr, sh, vh

Ensure: Human direction
1: te ⇐ arg min

t
D(sr(t), sh(t))

2: αh ⇐ tan−1( vhy

vhx
)

3: if αh < 0 then
4: αh ⇐ αh + 2π

5: end if
6: for each cell c do
7: if Ph(c|te) �= 0 then
8: Human direction ⇐ αh ∗ CMAX

2π

9: end if
10: end for
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2.2 2

2

Ctraj

(2.2.1)

Ctraj = scale1 · Dp + scale2 · Dg + scale3 · Co + scale4 · Cd (2.2.1)

(2.2.1) Dp Dg

Co Prediction layer

Cd

Direction cost

scale1, scale2, scale3, scale4

2.2.1 Direction cost

Direction cost Direction cost
Direction layer αh

−→vr αr

14



Garcia [24]

Asymmetric Velocity
Moderation AVM

Direction cost AVM

AVM d Fig. 2.5 3

Fig. 2.6
Fig. 2.6 fAVM O′

O′ d fAVM

Fig. 2.6 r r′ (2.2.2)

fAVM = r′ cos(π − θ) +
√

r′2 cos2(π − θ) + r2 − r′2 (2.2.2)

fAVM

d ≥ Dmax

fAVM θ 1 r = 1 r′ = 0
d ≤ Dmin

fAVM θ = 0 0 θ = π

2r

r r′ d (2.2.3)

r = (1 − Frec
2

)
d − Dmin

Dmax − Dmin
+

Frec

2
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r′ =
Frec

2
Dmax − d

Dmax − Dmin
(2.2.3)

(2.2.3) Frec

Frec

AVM Direction cost
Fig. 2.5 “Too close” d ≤ Dmin
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Fig. 2.5: Division of distance ranges with the Dmin and Dmaxthresholds [24].
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(a) d ≤ Dmin

(b) Dmin < d < Dmax

Fig. 2.6: Speed restrictions for any direction of the motion using the auxiliary
circle [24].
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Direction cost
Direction layer

AVM
d ≤ Dmin (2.2.3) r r′ (2.2.4)

r = r′ =
Frec

2
(2.2.4)

(2.2.2) fAVM (2.2.5)

fAVM = r′ cos(π − θ) +
√

r′2 cos2(π − θ) (2.2.5)

θ

vr αr ∈ [0, 2π] θ αh − αr

fAVM

Direction cost Cd

(2.2.6)

Cd = (Frec − fAVM) · Co

CoMAX
(2.2.6)

Direction cost Algorithm 3
Algorithm 4

19



Algorithm 3 Direction cost
Require: αh, αr, Co

Ensure: Cd

1: θ ⇐ αh − αr

2: r ⇐ Frec
2

3: fAVM ⇐ r cos(π − θ) +
√

r2 cos2(π − θ)
4: Cd ⇐ (Frec − fAVM) · Co

CoMAX

Algorithm 4 Trajectory cost function
Require: Δt, sr, ar, vsample, vthetasample, Master costmap, Direction layer
Ensure: Ctraj

1: steps ⇐ simtime∗|vr|
granularity

2: Dp ⇐ 0, Dg ⇐ 0, Co ⇐ 0, Cd ⇐ 0
3: for stepi = 0 to steps do
4: t ⇐ Δt ∗ stepi

5: vr ⇐ calculateState(sr, vsample, vthetasample, ar, t)
6: Dp ⇐ get distance between cell c to Global path
7: Dg ⇐ get distance between cell c to goal
8: Co ⇐ get cost of cell c from Master costmap
9: αh ⇐ get cost of cell c from Direction layer

10: αh ⇐ αh ∗ 2π
Cmax

11: αr ⇐ tan−1( vry

vrx
)

12: if αr < 0 then
13: αr ⇐ αr + 2π

14: end if
15: Cd

′ ⇐ calculate Cd

16: Cd ⇐ min(Cd, Cd
′)

17: end for
18: Ctraj ⇐ scale1 · Dp + scale2 · Dg + scale3 · Co + scale4 · Cd
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ROS

3.1

Ubuntu 14.04 PC
ROS Indigo [25] 3

Gazebo [26]
Gazebo

ROS 3
RViz Fig. 3.1

Fig. 3.2 Pioneer3DX Gazebo
SICK

LMS100 Gazebo
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Fig. 3.1: Overview of our local path-planner.

Fig. 3.2: Gazebo Pioneer3DX model that is used in the simulator experiments
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3.2

3

Fig. 3.3
(x[m], y[m])

1 Fig. 3.3(a) 90◦

(3.0, 3.0) (3.0, -3.0)
2 Fig. 3.3(b) 45◦

(-0.5,
3.0) (5.5, -3.0)

3 Fig. 3.3(c) 135◦

(6.5,
3.0) (0.5, -3.0)

0.5[m/s]
y = −0.5 vh = (0.5, 0)

(-5.0, -0.5) (3.0, -0.5) x 0.5[m]
17

2

0.625[m]
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(a) θ = 90◦

(b) θ = 45◦

(c) θ = 135◦

Fig. 3.3: Three crossing situations differing by the angle between trajectories.
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3.3

ROS

Direction cost Cd
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θ = 90◦

90◦

ROS Table 3.1
Fig. 3.4 Fig. 3.4 x

θ = 90◦ 12.19[s]
Fig. 3.4(a) Fig. 3.4(b)

Table 3.1 ROS
Cd

ROS Fig. 3.4(b)
17 3

Cd

ROS
Fig. 3.4(a)

x -2.5 ROS

Table 3.1: Simulation results in case of θ = 90◦

Static navigation Proposed approach without Cd Proposed approach with Cd

Execution
time [s]

Minimum
distance [m]

Execution
time [s]

Minimum
distance [m]

Execution
time [s]

Minimum
distance [m]

average 13.64 1.59 15.38 1.91 15.39 1.91
min 12.27 0.41 12.18 1.49 12.30 1.48
max 28.57 2.84 21.67 2.86 21.51 2.81
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(a) Execution time.

(b) Minimum distance between human and robot while navigating.

Fig. 3.4: Results in case of θ = 90◦.
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θ = 45◦

45◦

ROS Table 3.2
Fig. 3.5 Fig. 3.5 x

θ = 45◦ 16.30[s]
Fig. 3.5(a) Fig. 3.5(b)

Table 3.2 ROS
Cd

ROS Fig. 3.5(b) 17
2

Cd

ROS
Fig. 3.5(a)

x -4.0 ROS
Cd

Table 3.2: Simulation results in case of θ = 45◦

Static navigation Proposed approach without Cd Proposed approach with Cd

Execution
time [s]

Minimum
distance [m]

Execution
time [s]

Minimum
distance [m]

Execution
time [s]

Minimum
distance [m]

average 18.12 2.10 18.00 2.33 19.97 2.15
min 16.21 0.3109 16.23 0.98 16.12 0.95
max 26.44 4.342 24.57 4.34 26.03 4.34
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(a) Execution time.

(b) Minimum distance between human and robot while navigating.

Fig. 3.5: Results in case of θ = 45◦.
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θ = 135◦

135◦

ROS Table 3.3
Fig. 3.6 Fig. 3.6 x

θ = 135◦ 16.27[s]
Fig. 3.6(a) Fig. 3.6(b)

Fig. 3.6(b) ROS
Cd

ROS Fig. 3.6(b)
17 5

Cd

ROS
Fig. 3.6(a) x -3.0

ROS
Cd

Table 3.3: Simulation results in case of θ = 135◦

Static navigation Proposed approach without Cd Proposed approach with Cd

Execution
time [s]

Minimum
distance [m]

Execution
time [s]

Minimum
distance [m]

Execution
time [s]

Minimum
distance [m]

average 17.79 0.96 17.83 1.41 18.26 1.40
min 16.21 0.32 16.27 0.73 16.26 0.80
max 25.57 1.85 21.80 1.86 23.18 1.87
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(a) Execution time.

(b) Minimum distance between human and robot while navigating.

Fig. 3.6: Results in case of θ = 135◦.
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3.4

θ = 90◦ x -0.5
Fig. 3.3(a) 2

x

-0.5
ROS Cd

Fig. 3.7 Fig. 3.7(a) ROS

Cd Fig. 3.7(b)

Prediction layer

θ = 45◦ θ = 90◦

θ = 450◦ x -2.0
Fig. 3.3(b) 2

x -2.0

ROS Cd

Fig. 3.8
Fig. 3.8(a) ROS

Cd

Fig. 3.8(b) θ = 90◦
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(a) Static approach.

(b) Proposed approach with Cd.

Fig. 3.7: Trajectory comparison of static approach and proposed approach in
case of θ = 90◦. The human starts at point (-0.5, -0.5). Trajectories are colored
to visualize the time dimension.
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(a) Static approach.

(b) Proposed approach with Cd.

Fig. 3.8: Trajectory comparison of static approach and proposed approach in
case of θ = 45◦. The human starts at point (-2.0, -0.5). Trajectories are colored
to visualize the time dimension.
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θ = 135◦ Fig. 3.3(c)
2

x -2.0
ROS Cd

Fig. 3.9 Fig. 3.9(a) ROS

Cd

Fig. 3.9(b)

Prediction layer
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(a) Static approach.

(b) Proposed approach with Cd.

Fig. 3.9: Trajectory comparison of static approach and proposed approach in
case of θ = 135◦. The human starts at point (-2.0, -0.5). Trajectories are
colored to visualize the time dimension.
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3.4.1

x -5.0
Fig. 3.4(a) θ = 90◦

x -2.5 Fig. 3.10
Prediction layer

Prediction layer

Cd

Prediction layer
Prediction layer

Fig. 3.10: Trajectory generated by proposed approach in case of θ = 90◦. The
human starts at point (-2.5, -0.5). Trajectory is colored to visualize the time
dimension.
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θ = 135◦ Cd

2

Fig. 3.11 Cd Prediction layer

Cd Cd

Cd

(2.2.1)
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(a) Proposed approach without Cd.

(b) Proposed approach with Cd.

Fig. 3.11: Trajectory comparison of static approach and proposed approach
in case of θ = 135◦. The human starts at point (-2.0, -0.5). Trajectories are
colored to visualize the time dimension.
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(2.2.1)
scale1 = 0.2 scale2 = 0.4 scale3 = 0.1 scale4 = 1.0 Prediction
layer Cd scale3 scale4

Social Force Model SFM [19]
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3
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Direction cost

Direction cost ROS
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Direction cost

SFM
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