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Time to Danger, an Alternative to Passive Safety
for the Locomotion of a Biped Robot in a Crowd

Matteo Ciocca, Pierre-Brice Wieber and Thierry Fraichard

Abstract— A biped robot walking in a crowd must avoid falls
and collisions at the same time. The latter is usually addressed
through Passive Safety (PS), which guarantees that the robot
is at rest when a collision is inevitable. Since PS may limit
the robot’s mobility, the purpose of this work is to introduce
and explore the novel concept of Time To Danger (TTD) as
an alternative. For a given robot motion, TTD is the time
where the robot enters the region that a person can potentially
occupy in the future. After having studied the properties of
TTD, a novel locomotion strategy is proposed, which computes
an optimal locomotion plan that guarantees balance preser-
vation and TTD maximization, following a receding horizon
Model Predictive Control scheme. Controlled experiments in
a challenging simulated crowd scenario demonstrate how the
novel locomotion strategy outperforms a Passive Safety-based
locomotion strategy from a collision avoidance point of view.

I. INTRODUCTION

For a biped robot moving in a crowd, there are two things
that must be avoided: (a) to fall and (b) to collide with people.
On the balance front (a), the concept of capturability and its
instantiation in a capturable terminal constraint provides the
guarantee that the robot will always be able to stop in a
few footsteps and maintain its balance forever [1]. On the
collision front (b), things are more complicated: the concept
of inevitable collision states [2] shows that it is only with
the complete knowledge of the surrounding environment
of the robot and its future evolution that it is possible to
guarantee absolute safety, i.e. no collision ever. In practice,
such knowledge can only be obtained in specific cases such
as static, freezing or periodic environments [3].

In dynamic and uncertain environments such as crowds,
absolute safety is therefore impossible to guarantee [4]. One
answer to this problem is to settle for a weaker safety level
such as Passive Safety (PS), i.e. if a collision is inevitable,
it is guaranteed that the robot will be at rest. PS has been
studied in [5] and used on several robots [6], [7], [8]. It also
corresponds to the emergency stop procedure required for
personal care robots [9]. In crowds, PS is doubly interesting:
(a) it allows provision of one form of safety guarantee and
(b) if every person enforces it then no collision will take
place at all [5]. Capturability and PS have been exploited
in order to design a locomotion strategy for a biped robot
moving in a crowd [10]. This strategy uses Model Predictive
Control (MPC) and computes an optimal locomotion plan
that guarantees both balance preservation and PS.
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PS however has been doubly criticized: (a) it can unrea-
sonably restrict the robot’s mobility1 and (b) collisions can
be caused by the robot if, for instance, it stops right in front
of a moving agent and leaves it neither space nor time to
react. To address the second criticism, passive friendly safety
(PFS) has been suggested, i.e. if a collision is inevitable, it is
guaranteed that the robot will be at rest and the moving agent
will have enough space and time to avoid the collision if it
wants to [7], [12]. By stopping the robot earlier and leaving
more time for other moving agents to react, PFS reduces
collisions but it further restricts the robot’s mobility, which
explains why PFS is little used.

The purpose of this paper is to explore an alternative to
PS and PFS for the locomotion of a biped robot in a crowd
with both balance preservation and collision avoidance in
mind. The stance taken is to investigate whether maximizing
the time that the robot has to replan its motion or that a
person has to react can yield less collisions and therefore
improve safety. To that end, the novel concept of Time to
Danger (TTD) is introduced. For a future motion of the
biped robot and a given person, TTD is the time where said
motion enters the region where the person can potentially be
in the future. From a collision point of view, this region is
dangerous because the person is somewhere inside it hence
the name TTD. Henceforth this region will be called danger
zone.

The concept of Time to Reach a fixed target (TTR) was
defined in [13], but TTR and TTD differ in that (a) TTD
considers the time to reach danger zones which are time-
varying, and (b) while TTR was minimized to help compute
reachable sets, TTD is maximized to improve collision avoid-
ance during navigation. TTD is also related to the concept
of Time to Collision (TTC), introduced as a risk indicator in
automated driving [14]. Originally, TTC was the time until
impact between two vehicles having constant velocity, later
generalized to arbitrary motions [15]. Note how TTD differs
from the various time to X risk indicators used in automated
driving, which correspond to the time left to perform action
X in order to avoid a collision [16], [17], [18].

First, the properties of TTD are studied, it is shown
that both PS and PFS limit TTD because the robot is
constrained to stop before entering the danger zone. It is also
shown that TTD can be increased if this constraint is lifted.
Then, the paper seeks to establish that lifting this constraint
and maximizing TTD will yield a locomotion strategy that
does better from a collision avoidance point of view. To

1Yielding the freezing robot problem [11].



Fig. 1. The dynamics of walking for a biped robot.

that end, the locomotion strategy of [10], henceforth called
MPCPS, is adapted in order to reach this new objective.
It yields a novel locomotion strategy called MPCTTD that
computes an optimal locomotion plan that guarantees both
balance preservation and TTD maximization. Finally, MPCPS
and MPCTTD are benchmarked in a challenging simulated
crowd scenario, these controlled experiments demonstrate
how MPCTTD outperforms MPCPS.

The paper is organized as follows: Section II describes
the biped robot model and the walking constraints related to
balance preservation and collision avoidance. Details about
the crowd model used are given in Section III. Time to
Danger is defined in Section IV and relevant properties
are established. The principles of Model Predictive Control
and Lexicographic Programming are summarized in Sec-
tion V. The two locomotion strategies of interest MPCPS
and MPCTTD are described in Section VI. The experimental
results obtained are presented in Section VII and discussed
in Section VIII.

II. BIPED ROBOT MODEL

This section briefly formalizes the constraints for walking,
balance preservation and collision avoidance. The dynamic
model of the biped robot considered herein exploits the linear
relationship between the horizontal motion of the Center of
Mass (CoM) and the contact forces applied by the feet on
a flat ground2. The reader is referred to [20], [21] for a full
description of the model.

A. Dynamics of Walking
The horizontal motion of the CoM c ∈ R2 of a biped robot

is linearly related to the Center of Pressure (CoP) p ∈ R2

of the contact forces when walking with a constant height
on a flat ground (see Fig. 1):

c̈ = ω2(c− p), (1)

2Walking on uneven ground could be tackled using similar linear tech-
niques [19].

where ω2 = g/h, h is the constant height of the CoM above
the ground and g is the norm of the gravity vector. The CoP
must reside in the support polygon:

p ∈ P(sj), (2)

where sj ∈ R2 is the position of the jth footstep on the
ground. The CoM must also reside in a closed convex region
due to the maximal leg length of the robot:

c ∈ C(sj). (3)

Biped robots should not cross their legs while walking. Given
two consecutive footstep positions (sj , sj+1) and the region
S where the legs do not cross, the following constraints hold:

sj+1 ∈ S(sj). (4)

The biped robot can realize a stable walk by continuously
satisfying the walking constraints (2), (3) and (4) in their
linearized form [22]:

Walking (W ) ≡ (2) ∧ (3) ∧ (4) (W )

B. Balance Preservation

Balance preservation is related to capturability, i.e. the
ability of the biped robot to stop after a finite number of
footsteps. A biped robot is said to be 0-step capturable if it
can stop and maintain balance indefinitely without having to
make any extra footstep [1]. 0-step capturability is achieved
by satisfying the following stopping constraint [23]:

Stop (S) ≡ ξ̇ = 0 (S)

where ξ ∈ R2 is the capture point, i.e. where the robot has
to step in order to come to a stop, defined as:

ξ = c+ ω−1ċ. (5)

C. Collision Avoidance

Collision between the biped robot and a person in the
crowd is avoided if a minimal separation distance is en-
forced:

∥c− z∥ ≥ σ0, (6)

with z the person’s position and σ0 the separation distance.
When both the robot and the person are modeled as disks of
respective center c and z, and radius Rrobot and Rperson, this
non-convex constraint is linearly approximated as follows:

Collision Avoidance (C) ≡ d ≥ σ0 (C)

where

d = nT (c− z). (7)

n ∈ R2 is the unit normal vector that points from z to c. In
this case, σ0 = Rrobot +Rperson.



D. Walking Objectives

Finally, the biped robot can be asked to complete different
objectives such as walk at a reference velocity ċref:

Objective (Os) ≡ ċ− ċref = 0 (Os)

or keep the CoP p as close as possible to the center of the
foot on the ground s in order to improve the robustness of
the robot against perturbations [24]:

Objective (Or) ≡ p− s = 0. (Or)

III. CROWD MODEL

Before placing a biped robot among real people, it is
necessary to evaluate the performance of its locomotion
strategy in simulation, which will depend on the simulated
crowd behavior. A neutral approach to assess and compare
different collision avoidance strategies in exactly the same
conditions is to consider a crowd that doesn’t react at all to
the actual robot motion, a blind crowd where the robot is the
only one that seeks to avoid collisions. It is further assumed
that the robot walks in a direction opposite to the crowd, that
people walk at constant velocity, and that collisions among
people are disregarded.

It is realistic to assume that the robot can only perceive
a subset of its environment, its field of view (FoV), whose
shape is arbitrary and depends on the type of sensors used.
For the sake of simplicity, occlusions in perception are
disregarded, so the robot is aware of all the people present
in FoV. Herein, FoV is a disk centered on the robot’s CoM
c with a radius Rmax indicating the maximal distance around
the robot at which it is capable of perceiving people.

Robot perception having a certain degree of uncertainty,
the estimated position ẑi and velocity ˆ̇zi of a person ζ
measured by the sensors at time ti have associated errors
with respect to the real position zi and velocity żi:

z̃i = zi − ẑi, ˜̇zi = żi − ˆ̇zi. (8)

Given the magnitude of the uncertainty in position ∥z̃i∥, the
real position zi lies in a circle of radius ∥z̃i∥ centered at
the estimated position ẑi. Furthermore, given the magnitude
of the uncertainty in velocity ∥˜̇zi∥, the radius of this circle
increases at a rate ∥˜̇zi∥ t as it moves with the estimated
velocity ˆ̇zi. The separation distance (see Section II-C) is
modified accordingly to account for perception uncertainties:

σ0 = Rrobot +Rperson + ∥z̃i∥+ ∥˜̇zi∥ t. (9)

Thus, at a future time t, the person ζ is somewhere inside
an area Dζ

i (t) that is called the danger zone for the person
ζ computed at time ti, defined as:

Dζ
i (t) ≜ ball(ẑi + ˆ̇zi t, Rperson + ∥z̃i∥+ ∥˜̇zi∥ t). (10)

Assumption 1: Dζ
i (t) is a conservative model of the mo-

tion of the person ζ, i.e. the set of states reachable by the
person ζ is always included in Dζ

i (t) for all future time t.
As a result, when updated position and velocity estimates

ẑi+1 and ˆ̇zi+1 are obtained from the robot’s sensors for the

person ζ at time ti+1, they can be taken into account to define
a new, refined danger zone Dζ

i+1 which, following the above
assumption, satisfies by construction the inclusion:

Dζ
i+1(t) ⊆ Dζ

i (t). (11)

The danger zone for the whole crowd is a simple union:

Di(t) =
⋃

ζ=1...Z

Dζ
i (t), (12)

where Z is the size of the crowd. As a consequence of (11),
the following inclusion holds:

Di+1(t) ⊆ Di(t). (13)

IV. TIME TO DANGER

Let Rπ(t) denote the area occupied by the robot at time
t when following a motion plan π ∈ Π, where Π is the set
of all possible motions of finite duration starting from the
current state of the robot. Time to Danger (TTD) is defined
as follows:

Definition 1 (Time to Danger): Assuming that the robot
starts outside of the danger zone D(t) and follows a motion
plan π, the time when it enters D(t) is:

T d(π) ≜ {t∗ |Rπ(t∗) ∩ D(t∗) ̸= ∅,
∀t < t∗,Rπ(t) ∩ D(t) = ∅} . (14)

Pushing this Time to Danger as far away in the future
as possible, i.e. maximizing T d(π), would provide as much
time as possible for the robot to explore options for avoiding
or at least reducing the risk related to possible collisions. This
could be a control objective worth exploring.

A. TTD’s Basic Lemma

The following lemma establishes that T d(π) do not de-
crease with time.

Lemma 1: Assuming that the robot is outside of the
danger zone at time ti, then:

T d
i+1(π) ≥ T d

i (π), (15)

where T d
i (π) denotes the TTD computed at time ti.

Proof: Assume that at time t,

Rπ(t) ∩ Di(t) = ∅. (16)

It derives from (13) that:

Rπ(t) ∩ Di+1(t) ⊆ Rπ(t) ∩ Di(t) = ∅. (17)

From Definition 1, it is straightforward to conclude that:

T d
i+1(π) ≥ T d

i (π).
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Fig. 2. A simulated 1D scenario where a robot starting from coordinate 0.5
walks away from a person starting from coordinate 1 and moving towards
coordinate 0: lifting the PFS or PS constraints allows pushing TTD further
back into the future.

B. TTD and Passive (Friendly) Safety

PS is achieved by imposing that the robot stops before
entering the danger zone and stays put thereafter:

∀ t ≥ T d(π), Rπ(t) = Rπ(T d(π)). (18)

The set of robot motions that guarantee PS is therefore:

ΠPS ≜
{
π ∈ Π | ∀ t ≥ T d(π),Rπ(t) = Rπ(T d(π))

}
,
(19)

which is by construction a subset of all motions, ΠPS ⊆ Π.
PFS is achieved by imposing additionally that the robot

stops and stays put a given duration T s ≥ 0 before entering
the danger zone3:

∀ t ≥ T d(π)− T s, Rπ(t) = Rπ(T d(π)− T s). (20)

The set of robot motions that guarantee PFS is therefore:

ΠPFS
T s ≜

{
π ∈ Π | ∀ t ≥ T d(π)− T s,

Rπ(t) = Rπ(T d(π)− T s)
}
. (21)

The following set inclusions are a direct consequence of
these definitions:

ΠPFS
T s ⊆ ΠPS ⊆ Π, (22)

from which we can immediately deduce that:

max
π∈ΠPFS

Ts

T d(π) ≤ max
π∈ΠPS

T d(π) ≤ max
π∈Π

T d(π). (23)

By constraining the choice of robot motions, PFS and PS
result in earlier TTD, providing less time for the robot to
explore options for avoiding or at least reducing the risk
related to possible collisions. This is illustrated in Fig. 2
where a robot walks away from a person in a simulated 1D
scenario: lifting the PFS or PS constraints allows pushing
TTD further back into to the future.

3See [12] for an example of how Ts can be chosen.

V. LEXICOGRAPHIC MODEL PREDICTIVE CONTROL

Lemma 1 shows that T d(π) doesn’t decrease with time
when the robot follows a fixed motion plan π and may
actually increase, indicating that the robot would have even
more time available to explore options for avoiding or at least
reducing the risk related to possible collisions. A simple way
to explore such options is to simply look for a potentially
better motion plan. The robot could repeatedly re-evaluate
its motion plan to actively maximize T d(π), depending on
the current situation, following a standard receding horizon
Model Predictive Control (MPC) strategy.

MPC happens to be widely used for biped locomotion
since [25]. Classically, time is discretized in a sequence of
time instants ti, i ∈ N, where each time interval [ti, ti+1] has
a fixed duration T . At each time ti, given the current state
xi = (ĉi, si) of the robot, where ĉi = (ci, ċi, c̈i) and si
is the current foot position on the ground, an optimization
problem is solved to plan a motion, i.e. a sequence of N
control actions πi = {ui,ui+1, · · · ,ui+N−1}, where N is
the planning horizon. Following a receding horizon strategy,
the first control action ui is executed and at time ti+1, the
whole motion planning process is repeated. In our case, πi is
a sequence of CoP velocities ṗ and foot positions sj . Further
details can be found in [21].

The different constraints presented in Section II might
conflict with one another, e.g. following a reference speed
might cause a collision. In such cases, at least one of them
must be relaxed. To that end, the constraints are expressed
as a set of linear inequalities:

E

[
x
π

]
≤ d, (24)

where E and d are respectively a time-varying matrix and a
vector of proper dimensions. Relaxation is then achieved by
introducing a possible violation w:

E

[
x
π

]
−w ≤ d, (25)

and minimizing ∥w∥2. Note that all the constraints are
satisfied when ∥w∥ = 0. Constraints can also be hierarchi-
cally arranged in priority levels, according to their relative
importance, and their violations be minimized accordingly,
i.e. as a lexicographic least squares problem. By defining
P priority levels, the problem can be reformulated as a
Lexicographic Program (LexP) [26]:

lex minimize
π,w

{∥w1∥2, . . . , ∥wP ∥2}

s.t.

E1

...
EP

[
x
π

]
−

w1

...
wP

 ≤

d1

...
dP

 ,

(26a)

(26b)

and solved using a fast online LexP solver [27]. This
technique has already been used effectively for the control
of all kinds of robots, humanoid [28], industrial [29] and
self-driving vehicles [30].



VI. MPCPS AND MPCTTD

A. MPCPS: Lexicographic Approach to Passive Safety

Hierarchy 1: Balance and Passive Safety

1: Feasible and Capturable Collision-free Motion:
(W ), (C), and (S) only at ti+N

2: Min. reference deviation: (Os) and (Or)

MPCPS is a lexicographic MPC-based locomotion strategy
that both guarantees balance preservation and PS for a
biped robot [10]. It computes an optimal locomotion plan
over a receding horizon, from ti to ti+N , where dynamic
feasibility and collision avoidance (with the danger zone D)
constraints (W ) and (C) must be satisfied at all time while
the stopping constraint (S) must be satisfied at the end of the
horizon ti+N in order to guarantee both balance preservation
and PS.

All these constraints are mandatory for the safety of both
the robot and the crowd. They are assigned therefore the
highest priority level in Hierarchy 1. The objectives (Os)
and (Or) are less important, and assigned therefore a lower
priority level, so they will be satisfied only within the
constraints of priority level 1.

The solution to this lexicographic problem provides the
robot with a dynamically feasible and capturable collision-
free motion that stops at time ti+N . At the next time instant
ti+1, a new feasible and capturable collision-free motion can
be computed again from ti+1 to ti+N+1, following a reced-
ing horizon MPC strategy. If such a motion is not available,
the robot can simply follow the motion already computed
from ti to ti+N and stop safely before any collision occurs:
capturability and PS are guaranteed.

B. MPCTTD: Lexicographic Approach to TTD Maximization

Hierarchy 2: Balance and TTD Maximization

1: Feasible and Capturable Motion: (W ), and (S)
only at ti+N

2: Collision-free (C) only at ti+1
...

N: Collision-free (C) only at ti+N−1

N+1: Collision-free (C) only at ti+N

N+2: Min. reference deviation: (Os) and (Or)

Following the analysis of Section IV-B, MPCTTD is a
modification of MPCPS that drops the PS guarantee in
favor of maximizing TTD. In order to guarantee balance
preservation, the dynamic feasibility constraints (W ) must
be satisfied at all time while the stopping constraint (S)
must be satisfied at the end of the horizon ti+N . These
constraints are therefore maintained at the highest priority
level in Hierarchy 2.
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Fig. 3. A typical initial configuration for the crowd scenarios used to
evaluate MPCPS and MPCTTD: the robot starts walking from the left, with
a limited field of view, in an opposite direction to the crowd that starts
walking from the right. Here, the crowd size is Z = 16.

Maximizing TTD means avoiding collisions with the dan-
ger zone D for as long as possible. This is realized by
considering the constraint (C) sequentially in time from ti+1

to ti+N through as many descending priority levels, 2 to
N + 1. As in MPCPS, the objectives (Os) and (Or) are less
important, and assigned therefore a lower priority level, so
they will be satisfied only within the constraints of higher
priority levels.

The solution to this lexicographic problem provides the
robot with a dynamically feasible and capturable motion
where collision avoidance with the danger zone D is satisfied
for as long as possible in order to maximize TTD, but without
guaranteeing PS.

VII. EVALUATION OF MPCPS AND MPCTTD

A. Robot and Crowd Parameters

The performance of MPCPS and MPCTTD are evaluated
on simulated blind crowd scenarios using the robot model
presented in Section II and the crowd model detailed in
Section III. The parameters of the biped robot are those of
the HRP-2 robot [31], with Rrobot = 0.5 m, a field of view
radius of 4 m and a reference velocity [0.5, 0] m/s. Simulated
crowds are composed of Z = 8, 16, 24 or 32 persons with
Rperson = 0.5 m. People are randomly positioned over an
area of 10 × 8 m2 in front of the robot, outside of its
FoV (see Fig. 3). Their velocity along x is −0.5 m/s and
their velocity along y is picked randomly in [−0.2, 0.2] m/s.
Perception uncertainties are ∥z̃∥ = 0, 0.15 or 0.30 m
and ∥˜̇z∥ = 0, 0.05 or 0.10 m/s. For each combination
of Z, ∥z̃∥ and ∥˜̇z∥, 100 crowds are randomly generated,
yielding a total of 3600 sample crowds, used to evaluate
both MPCPS and MPCTTD with N = 16 and T = 1 s. For
each sample crowd, the simulation runs for a maximum of
20 s and stops as soon as a collision occurs.
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Fig. 4. Cumulative collision count along simulation time as a percentage
of all 3600 simulations for both MPCPS and MPCTTD strategies.

B. Simulation Results

The performance criteria considered to evaluate MPCPS
and MPCTTD strategies are (a) the collision count, (b) the
collision time, and (c) the relative collision velocity.

1) Collision Count and Collision Time: to assess these
two criteria, Fig. 4 represents a cumulative collision count
as a percentage of all 3600 simulations for both MPCPS
and MPCTTD along simulation time (there were no collisions
within the first 5 s). As expected, collisions are delayed when
maximizing TTD: the MPCTTD curve looks similar to the
MPCPS curve but shifted to the right, later in time.

A more interesting benefit of MPCTTD with respect to
MPCPS is an 8% reduction in the total number of collisions,
which is statistically significant: by the end of the simulation
time the MPCTTD curve is lower than the MPCPS curve, a
clear demonstration that the receding horizon MPC strategy
takes advantage of the available time before collision to
actively reduce the risk of collisions, and a clear proof that
maximizing TTD is, indeed, an attractive control objective.
In summary, MPCTTD outperforms MPCPS in terms of both
collision count and collision time: less collisions happen, and
later.

2) Relative Collision Velocity: the kinetic energy trans-
ferred to a person can be used as a measure for the risk
of injuries [32], and it is directly related to the relative
collision velocity. To assess this risk of injuries, Fig. 5
represents a cumulative collision count as a percentage for
all 3600 simulations for both MPCPS and MPCTTD along the
magnitude of the relative collision velocity.

With the MPCPS strategy, the relative collision velocity
is (almost) never larger than the people’s own velocity, as
expected since PS guarantees that the robot has no velocity
at the time of collision. A few small exceptions are observed,
however, which correspond to the fact that even with fixed
feet on the ground, the robot can have some small residual
CoM motion.

By lifting the PS constraint, the MPCTTD strategy opens
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Fig. 5. Cumulative collision count along relative collision velocity as a
percentage of all 3600 simulations for both MPCPS and MPCTTD strategies.

the possibility for larger relative collision velocities (and
therefore larger risk of injuries for people), which are clearly
observed here with the MPCTTD curve reaching much further
to the right than the MPCPS curve. This is clearly a negative
aspect of this strategy, but this may be an artifact of the
blind crowd assumption. In the real world, people would be
aware of the robot and it is reasonable to assume that they
would seek to actively contribute to collision avoidance. In
this respect, MPCTTD would provide more time for people
to evaluate the risk of collision and act accordingly, as
shown above. But to evaluate this behavior, we would need
a reactive, non-blind crowd model.

On the other side of the plot, on the left, at lower veloci-
ties, the MPCTTD curve is above the MPCPS curve, indicating
more occurrences: more than half of the collisions with
the MPCTTD strategy actually occur with smaller relative
collision velocities than with the MPCPS strategy. This is
due to the fact that maximizing TTD can drive the robot to
walk away from people, hence reducing the relative collision
velocity. In summary, the benefits of either approaches with
respect to relative collision velocity are inconclusive in this
blind crowd scenario.

VIII. DISCUSSION AND CONCLUSION

The MPCTTD strategy, which maximizes the Time To
Danger, yields fewer collisions, which happen later in time,
than the MPCPS strategy, which enforces Passive Safety. This
result validates both the interest of the notion of Time To
Danger as a new tool to address motion safety in dynamic
environments, and the capacity of the MPCTTD strategy to
leverage this notion for improved safety. It comes, however,
at a cost: some of the remaining collisions exhibit a much
larger relative collision velocity, which is directly related to
the risk of injuries for the surrounding crowd. This marks
a clear direction of improvement concerning the notion of
Time To Danger, to curb in some way the occurrence of
collisions with large relative collision velocity. This result



was obtained, however, in the worst possible scenario, with
humans that are oblivious to the robot and make no effort in
trying to avoid collisions. In the real world, people would be
aware of the robot and it is reasonable to assume that they
would seek to actively contribute to collision avoidance. In
this respect, MPCTTD would provide more time for people to
evaluate the risk of collision and act accordingly. This needs
to be evaluated more carefully with a reactive, non-blind
crowd model.
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