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Abstract: This paper proposes a novel local planning approach for Autonomous Mobile Robots (AMRs) to reduce
pedestrian uncertainty during human-robot interactions in shared spaces. We introduce a quantitative measure of pedes-
trian uncertainty through a “decision entropy” framework that captures the uncertainty in crossing-order decisions. While
existing research has focused primarily on predicting pedestrian physical movements, our method addresses the cognitive
aspects of decision-making processes during robot-human encounters. By simultaneously optimizing both linear and an-
gular velocities, our controller minimizes pedestrian uncertainty and creates more predictable robot behaviors. We extend
previous decision entropy concepts to incorporate rotational movements, enabling the robot to clearly communicate its
intentions through deliberate motion patterns. Experimental validation in real-world crossing scenarios demonstrates that
our approach significantly reduces uncertainty metrics when the AMR follows pedestrians, resulting in more decisive in-
teractions and improved pedestrian comfort. This work establishes a foundation for developing socially-aware navigation
systems that consider pedestrian psychological responses in shared environments.

Keywords: Human-Machine Systems; Robotic and Automation Systems; Modeling, System Identification and Estima-
tion

1. INTRODUCTION forces this notion, showing that pedestrians encountering
mobile robots without clear communication of movement
intentions experience significant discomfort, confusion,
and delayed social acceptance.

Autonomous Mobile Robots (AMRs) have gained sig-
nificant traction across logistics warehouses, manufactur-
ing facilities, and service industries as solutions to labor
shortages and operational efficiency challenges. The de-
ployment of AMRs in human-shared environments has
attracted considerable attention in industrial applications
due to their versatility and adaptability. In such contexts,
AMRs must respond appropriately not only to static ob-
stacles but also to dynamic and unpredictable agents such
as humans [1].

One of the primary challenges in human-robot shared
scenarios is the uncertainty in mutual intention under-
standing. This uncertainty causes the Freezing Robot
Problem (FRP), where robots become overly cautious or
stop in crowded environments [2]. As Trautman et al.
demonstrated, even perfect prediction cannot solve FRP
without understanding natural human collision avoidance
[3]. Following Sathyamoorthy et al. approach of avoid-
ing freezing zones [4], proactive uncertainty reduction
could guide interactions toward more predictable situa-
tions. In addition, this ‘uncertainty’ is more than just
an inefficient; it affects the perceived reliability and ac-
ceptability of robots, ultimately becoming a critical fac-
tor determining the successful adoption of AMR systems.

Traditional research on AMR motion planning has
predominantly focused on safety and efficiency aspects.
Approaches such as the Social Force Model (SFM) [7,8],
Reciprocal Velocity Obstacles (RVO) [9], and Optimal
Reciprocal Collision Avoidance (ORCA) [10] excel at
physical collision avoidance but insufficiently address the
psychological aspects of pedestrian behavior, particularly
the uncertainty in decision-making processes. Similarly,
studies employing deep reinforcement learning [11, 12]
and imitation learning [13, 14] have became a common
approach, but these studies concentrate on predicting
pedestrian physical movements with limited considera-
tion of cognitive aspects.

Okuda et al. [15] introduced the concept of ‘deci-
sion entropy’ in vehicle-to-vehicle interactions for au-
tonomous driving, achieving smooth merging coordina-
tion by quantifying uncertainty in other drivers’ deci-
sions. While groundbreaking in considering decision-
making uncertainty, this approach was developed for en-
vironments constrained by lanes, limiting interactions
primarily to velocity control.

Dragan et al. [5] demonstrated that in human-robot col- Several researches have attempted to apply similar
laboration with manipulators, robot motion designed to decision entropy concepts to AMR navigation [16, 17].
clearly express intentions (‘legible motion’) reduced co- However, these adaptations have also primarily focused
ordination time by 33% compared to merely predictable on linear velocity control as the main parameter for re-
motion. While their work focused on robotic arms in ducing uncertainty, inheriting the same limitations as the
collaborative tasks, this principle of motion legibility is original automotive applications. Conversely, the envi-
equally critical for AMRs navigating in shared spaces. ronments where AMRs operate, such as sidewalks and
Recent research by Hetherington et al. [6] further rein- indoor corridors, are shared spaces with fewer constraints

than roadways, and pedestrians are in closer proximity.
1 Aiki Kada is the presenter of this paper. Consequently, not only the robot’s linear velocity but
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also its turning behavior and direction of travel signifi-
cantly impact interactions with pedestrians. This multi-
dimensional aspect of AMR motion planning for uncer-
tainty reduction remains largely unexplored in previous
research.

This study proposes a control method that achieves
smoother human-robot interactions by reducing pedes-
trian ‘uncertainty’ in two-dimensional operational space.
First, we analyze how rotational behavior affects decision
entropy in human-robot interactions. Next, we develop a
control method that simultaneously optimizes both linear
and angular velocities to minimize uncertainty. Specifi-
cally, we extend the decision entropy framework, which
quantifies uncertainty, to incorporate angular velocity
considerations, and implement a behavior planning strat-
egy that minimizes pedestrian uncertainty through simul-
taneous control of both velocity components. We validate
the effectiveness of the proposed method through com-
prehensive real-world experiments comparing our ap-
proach against conventional control strategies.This paper
has two significant contributions:

1. Analysis and quantification of uncertainty metrics in-
corporating rotational behavior of robots, and evaluation
of the effect of the rotation on the decision uncertainty of
human.

2. Development of a decision entropy minimization tech-
nique that integrates both linear and angular velocities

These contributions extend beyond efficient collision
avoidance to enhance the social acceptability of AMRs
through human-centered design principles, addressing
a critical gap in existing navigation methodologies for
shared human-robot environments.

2. PROBLEM SETTING

Human-robot shared environments present a diverse
range of interaction scenarios that vary significantly in
complexity and context [18]. In such environments,
AMRs must navigate while considering not only static
obstacles but also the dynamic and often unpredictable
behavior of pedestrians. These scenarios differ widely
based on pedestrian density, spatial configurations, en-
vironmental constraints, and cultural factors, creating a
complex problem space for robot navigation systems.

We focus on a fundamental scenario: an AMR and
pedestrian approaching at vertical angles. This common
indoor interaction pattern captures the essential challenge
of mutual intention understanding.

In these crossing situations, both the robot and pedes-
trian see each other and communicate without words by
changing their speed and turning to avoid collisions. The
pedestrian must decide whether to let the robot go first
or to proceed first, based on limited information about
what the robot plans to do. This decision-making process
varies greatly between different pedestrians and situa-
tions, often creating uncertainty that shows up as changes
in speed, path changes, or brief stops. This uncertainty
not only makes movement less smooth and efficient but
also makes pedestrians uncomfortable and less accepting
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Fig. 1: Illustration of Time To Cross Point (TTCP) calcu-
lation for both the pedestrian and AMR. TTCP is defined
as the ratio between distance to crossing point (dj, d,.)
and magnitude of velocity vectors (||vg |, [|v-|])-

of robots in shared spaces.

Our approach adjusts both linear and angular veloci-
ties to reduce pedestrian uncertainty, creating smoother
interactions beyond collision avoidance by modeling de-
cision uncertainty.

3. PROPOSED METHOD

3.1. Quantification of uncertainty

In this study, we define uncertainty as the lack of clar-
ity about who goes first during perpendicular crossing in-
teractions. When pedestrians and AMRs meet at crossing
points, pedestrians feel discomfort when it is not clear
who should cross first. To measure this uncertainty in
a number-based way, we create a probability model that
looks at the differences in crossing times.

3.1.1. Modeling the pedestrian’s ahead probability

First, we introduce the Time To Cross Point (TTCP).
We could use many different models to understand how
pedestrians decide in crossing situations (such as models
based on speed changes, personal space, or where pedes-
trians look [18]), but we choose a simpler approach using
TTCP as main explanatory variable because it is easy to
understand and calculate. Let TTCPy(¢) and TTCP,(¢)
represent the TTCP of the pedestrian and AMR at time ¢,
which are calculated as follows:

_du(1)
TTCPy(t) = TonD] )]
TTCP,(t) = ”iﬁgl (2)

where d () and d,(¢) represent the distances to the cross-
ing point for the pedestrian and AMR, and vy, (t) and v, (¢)
are their respective velocity vectors, as illustrated in Fig.
1.

Using the difference in TTCP, defined as ATTCP(¢) =
TTCP,(t) — TTCPy(t), as the primary explanatory vari-
able, we model the probability P of the pedestrian decid-
ing to cross first through logistic regression:

1
" 1+ exp(—(m1 + mATTCP(2)))

P(t) 3)
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Fig. 2: Schematic representation of AMR’s rotational ef-
fect on the crossing scenario. The AMR rotates in the
positive direction (counterclockwise, toward the pedes-
trian’s front path) in this configuration.

where 71 and 72 are model parameters identified from
experimental data. This probability model approaches
1 when TTCP,(t) — TTCPy(¢) > 0 (AMR’s arrival
is clearly later) and approaches 0 when TTCP,(¢) —
TTCPy(t) < 0 (AMR’s arrival is clearly earlier).

3.1.2. Uncertainty Metric: Decision Entropy

To quantify pedestrian uncertainty, we define the deci-
sion entropy S(t) based on probability P(t) using Shan-
non’s information entropy:
S(t) = =P(t)log P(t) — (1 — P(t))log(1 = P()) 4)
This decision entropy S(¢) has the following characteris-
tics:
o When P(t) is close to 0 or 1 (clear crossing order):
S(t) approaches 0
o When P(t) is close to 0.5 (ambiguous crossing order):
S(t) approaches 1

3.1.3. Effect of AMR’s angular velocity

We simulate how the AMR’s rotation affects the mea-
sured uncertainty (decision entropy) as defined in Equa-
tion 4 before using decision entropy for the controller.
Different interaction models would show different rela-
tionships between robot actions and pedestrian uncer-
tainty. In our approach, we use the TTCP-based proba-
bility model to analyze these effects. Consider a situation
with starting positions at z,, = 0, y, = 0, x, = 5.0,
and y;, = 5.0, where the AMR rotates in the positive di-
rection (clockwise, toward the pedestrian’s front path) as
illustrated in Fig. 2. The resulting changes in ATTCP
and the pedestrian’s ahead probability with respect to the
AMR’s rotation angle are shown in the following figures.

Fig. 3 illustrates how the ATTCP (=TTCP,. - TTCP},)
varies with the AMR’s rotation angle at different AMR
speeds. We observe that as the rotation angle increases
in the positive direction, ATTCP generally decreases,
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Fig. 3: Effect of AMR’s rotation angle on ATTCP
(TTCP,. - TTCP},) at different AMR speeds.

1.0

o o
o @

Human Ahead Probability [-]
o
s

—— AMR Speed 0.2 m/s

AMR Speed 0.5 m/s
—— AMR Speed 0.7 m/s
—— AMR Speed 0.9 m/s
—— AMR Speed 1.2 m/s

o
N}

0.0

-1.0 -0.5 0.5 1.0

0.0
AMR Rotation Angle [rad]

Fig. 4: Effect of AMR’s rotation angle on the pedestrian’s
ahead probability at different AMR speeds.

indicating that the AMR would arrive at the crossing
point earlier relative to the pedestrian. Conversely, neg-
ative rotation angles tend to increase ATTCP, suggest-
ing the AMR would arrive later than the pedestrian. This
relationship becomes more pronounced at higher AMR
speeds.

As shown in Fig. 4, when the AMR’s rotation angle
is between about -1 and 1 radians, the probability of the
pedestrian going ahead decreases when the AMR turns
more in the positive direction, and increases when the
AMR turns more in the negative direction. This means
that when the AMR turns to pass in front of the pedes-
trian, the pedestrian is less likely to go ahead, and when
the AMR turns to pass behind the pedestrian, the pedes-
trian is more likely to go ahead. This behavior is simi-
lar to what we usually see in human-human interactions,
where pedestrians who go first tend to pass in front of oth-
ers, while those who go second tend to pass behind oth-
ers. So, our ahead probability model defined in Equation
3 seems to correctly respond to changes in the AMR’s
rotating behavior as well. Fig. 5 demonstrates how de-
cision entropy changes with the AMR’s rotation angle.
These results confirm that uncertainty can be significantly
modulated not only through velocity adjustments but also
through rotational movements. The decision entropy ex-
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Fig. 5: Effect of AMR’s rotation angle on decision en-
tropy at different AMR speeds.

hibits different patterns depending on both the AMR’s
speed and rotation angle, suggesting that the combina-
tion of these control parameters offers greater flexibility
in reducing pedestrian uncertainty during crossing inter-
actions.

3.2. Motion Planning to Reduce Uncertainty of
Pedestrian’s Decision

In this study, Model Predictive Path Integral control
(MPPI) is exploited to solve the optimal control problem.
MPPI combines optimal control theory with sampling-
based stochastic optimization, making it effective for
complex systems with nonlinearities and constraints. As
shown in Equation (5), our objective is to minimize the
expected value of the cost function:

N-1

Eug | S Ll (k). ulk]r))

k=0

®)

where g represents the sampling distribution of control
inputs and N denotes the prediction horizon length. The
cost function L comprises multiple terms as defined in
Equation (6):
L(w(k[t), u(k|t)) =w: |}’ — @:(k]t)]
+wa[of — v (k[t)
+ w3y Nkl =@ (k)]

+ waS(k|t)

(6)

The first term punishes differences from the target po-
sition, while the second term punishes differences from
the target speed. The third term keeps safety by mak-
ing the cost increase quickly as the distance between the
AMR and pedestrian gets smaller. The fourth term in-
cludes the decision entropy S(k|t), which is the core
contribution of this work for minimizing pedestrian un-
certainty. The weighting coefficients w; through wy are
adjusted based on system needs and desired performance
characteristics.

In the MPPI algorithm, we sample control input can-
didates and predict the system’s behavior using these in-
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Fig. 6: Experimental environment for the orthogonal
crossing scenario between an AMR and a pedestrian.

puts. The AMR dynamics are modeled by Equations (7)-
(10):

O, (k + 1[t) = 0, (k|t) + w,(k|t)At (8)

v (k4 1[t) = v, (k|t)R(O(K|t)) 9)
cosf) —sinf

R(9) = Linﬁ cos } (10)

where x,. represents the AMR position, 6,. is the ori-
entation angle, v, is the velocity vector, and w, is the
angular velocity. The rotation matrix R(6) updates the
velocity vector based on the AMR’s orientation.

The pedestrian model is described by Equations (11)-
(14). An important feature is that the pedestrian’s maxi-
mum and minimum speeds change dynamically based on
the probability P(t)

(1)
12)

vy (t) = v(0[t) + v - P(O]t)
v () = v(0ft) — o™ - (1= P(0]t)

Additionally, we use a model where the pedestrian’s
direction stays the same while only the speed changes:

lon (k+1[8) | = v P(klt) + o™ - (1= P(klt) (13)

_on(klt)
[[on(K2)|

In the MPPI framework, we evaluate the cost function
for each control input candidate and find the best control
input by weighted averaging. This process is repeated at
each time step, enabling adaptive control in dynamically
changing environments. Specifically, our approach opti-
mizes both linear and angular velocities at the same time,
which effectively reduces pedestrian uncertainty during
interactions.

on(k + 1[t) = [[on(k + 1[1)]] - (14)

4. EXPERIMENT

4.1. Experiment Setup

We implemented the proposed control method on a
physical system and experimentally validated an vertical



Fig. 7: Hardware configuration of the experimental sys-
tem.

Table 1: Entropy Term Weight Conditions

Notation
w/o entropy

Description

Experiments with wy = 0.0
(entropy term disabled)
Experiments with wy = 5.0
(entropy term enabled)

w/ entropy

Mean values
06 I Ahead - w/ entropy

0.5072 0.4852 0.3884 0.4959

Ahead - wio entropy
05 I Behind - w/ entropy

Behind - w/o entropy
0.4

0.3

Decision entropy [-]

0.2

0.1

0.0
Ahead
w! entropy

Ahead
wio entropy

Behind
Wi entropy

Behind
wio entropy

Fig. 8: Comparison of average decision entropy values
between the proposed method (w/ entropy) and conven-
tional method (w/o entropy) in both Ahead and Behind
scenarios.

crossing scenario between one AMR and one pedestrian.
The experimental environment consisted of a 6-meter
wide corridor intersection, with measurements taken ap-
proximately 5 meters before and after the intersection
point.

The experimental conditions are shown in Table 1,
comparing scenarios with and without the entropy term
(uncertainty reduction term) from Equation (6). We
conducted experiments with the weight parameter wy
set to 0.0 (without entropy term) and 5.0 (with entropy
term). The measurement began when the AMR detected
the pedestrian and ended when both agents completely
passed each other (when their respective TTCP values be-
came negative)

4.2. Results

As shown in Fig. 8, the average decision entropy value
was reduced by the proposed method (w/ entropy) when
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Fig. 9: Comparison of speed and yaw angle profiles over
time in the Ahead scenario.
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Fig. 10: Comparison of speed and yaw angle profiles over
time in the Behind scenario.

the AMR was following the pedestrian (Behind scenario).
In contrast, when the AMR was leading and the pedes-
trian was following (Ahead scenario), no significant dif-
ference in decision entropy values was observed between
the proposed method (w/ entropy) and the conventional
method (w/o entropy).

Fig. 9 through 12 show the temporal profiles of speed,
yaw angle, and decision entropy in both the Ahead and
Behind scenarios. In the Ahead scenario (AMR lead-
ing), the speed profile with the entropy term shows more
distinctive motion patterns, with sharp acceleration fol-
lowed by clear deceleration, demonstrating more decisive
movement.

In the Behind scenario (pedestrian leading), the con-
ventional method (w/o entropy) shows that the AMR
tends to maintain a relatively constant speed around v =
0.2 m/s. In contrast, the proposed method (w/ entropy)
demonstrates a more significant deceleration, with the
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Fig. 12: Comparison of decision entropy profiles over
time in the Behind scenario.

speed approaching v = 0.0 m/s, indicating a more de-
cisive stopping behavior to solve the potential conflict.

Regarding the yaw angle profiles, no significant dif-
ference was observed in the Ahead scenario, with both
methods showing minimal rotation within the margin of
error. However, in the Behind scenario, the proposed
method (w/ entropy) showed a notably larger rotation an-
gle, which represent a characteristic behavior pattern fa-
cilitated by the entropy term in the cost function.

These results suggest that the entropy term effectively
reduces decision entropy, particularly when the AMR
follows the pedestrian, leading to more decisive and
communicative motion behaviors that can better convey
the robot’s intentions during human-robot interactions in
crossing scenarios.

S. DISCUSSION

In this study, we proposed a control method for AMRs
aimed at reducing pedestrian uncertainty during cross-
ing interactions. Our findings suggest that our proposed
approach can reduce uncertainty not only through dis-
tinctive speed changes but also through rotational move-
ments.

However, the reduction in decision entropy values was
only observed in the Behind scenario (when the AMR fol-
lowed the pedestrian). We attribute this asymmetric result
partly due to the characteristics of our decision entropy
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function, which changes non-uniformly in relation to the
speeds of both the AMR and the pedestrian. Specifically,
in our designed function, when the AMR operates at low
speeds, yaw angle changes can effectively reduce the cost
function value. In contrast, at higher AMR speeds, yaw
angle adjustments have minimal impact on reducing the
cost function.

Fig. 13 shows this relationship through heatmaps of
the entropy function based on the AMR’s speed and yaw
angle computed from our decision model of the pedes-
trian. These heatmaps were created with two main as-
sumptions: first, that either the AMR or the pedestrian
would give way while the other continues moving; and
second, that the combined speed of the AMR and pedes-
trian would always add up to 1.5 m/sAs shown in Fig.
13(a), the probability map indicates the probability of the
pedestrian moving ahead of the AMR.When the proba-
bility value is 1, it means the pedestrian is going ahead
(moving first before the AMR). Notably, at lower AMR
speeds (v = 0.2-0.4 m/s), the pedestrian’s probability
of going first remains consistently high regardless of the
AMR’s rotation angle. However, as the AMR moves
faster, the rotation angle begins to significantly affect the
pedestrian’s decision.

As shown in Fig. 13(b), when focusing only on re-
ducing entropy, there is little difference in entropy val-
ues across different turning angles when the AMR moves
slowly (v = 0.2-0.4 m/s).

However, the optimal solution comes from the com-
bined effects of multiple terms in the cost function. For
instance, when including the speed reference factor (the
second term in the cost function) that aims to maintain
close to the reference speed (v = 0.7 m/s), as shown in
Fig. 13(c), the optimal solution tends toward slightly in-
creasing speed while applying a larger positive yaw an-
gle, as depicted in Fig. 13(d). On the other hand, at
higher AMR speeds (v = 0.8-1.0 m/s), simply increasing
speed appears enough to approach the optimal solution,
as shown in Fig. 13(d). These analytical observations
match our experimental results. In the Ahead scenario,
we saw minimal turning angle changes but clear speed
adjustments, while the Behind scenario showed signifi-
cant turning angle changes along with speed increases.

6. CONCLUSION

Our proposed method suggests that using turning
speed (angular velocity) as a control variable could fur-
ther reduce decision uncertainty in Behind scenarios.
However, we have not yet tested whether these reduc-
tions in decision entropy actually lead to less uncertainty
and discomfort for pedestrians. Future research should
include feedback from pedestrians to evaluate if they feel
less uncertain and anxious. Also, more research is needed
to design better functions that can effectively reduce de-
cision uncertainty in Ahead scenarios too.
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