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Abstract— Autonomous navigation and shared-control sys-
tems offer a pathway to improve independent mobility and
quality of life for older adults. A wide range of path-planning
algorithms have been developed for smart wheelchairs oper-
ating in environments shared with pedestrians. Conventional
approaches often treat pedestrians and other wheelchair users
as dynamic obstacles to be avoided, while interaction-aware
methods may rely on pedestrian trajectory prediction or learned
interaction models that are difficult to estimate reliably during
close encounters. This work formulates wheelchair-pedestrian
and wheelchair-wheelchair encounters as a two-agent opti-
mal control problem. The proposed formulation computes a
minimum-effort, minimum-risk co-maneuver while promoting
recovery of the agents’ pre-encounter velocity direction, speed,
and path. The joint solution serves as a normative reference for
efficient cooperative behavior. Optimal-control solutions across
varying encounter conditions will then be used to train a
multi-layer perceptron controller to approximate the optimal
wheelchair response without repeatedly solving the optimization
problem online.

I. INTRODUCTION

According to the World Health Organization (WHO), the
number of people aged 80 and older is expected to triple
between 2020 and 2050, reaching 426 million [1], [2], high-
lighting the growing need for mobility assistive technologies
such as powered wheelchairs (PWs). For many older adults,
age-related declines in motor control, reduced upper-limb
strength, hand tremor, and cognitive impairments can make
PW operation physically and cognitively demanding [3], [4].
Autonomous navigation and shared-control systems offer a
pathway to improve independent mobility and quality of life
for this population [5]. Smart wheelchair (SW) systems (PW
platforms equipped with embedded computers, sensors, and
controllers capable of autonomous navigation or shared con-
trol) have seen remarkable advances in recent years [6], [7].
Despite this progress, navigating around humans in outdoor
and indoor environments remains a fundamental challenge
for SWs [8]. A wide range of path planning algorithms have
been developed for SW navigation in environments shared
with pedestrians, including A* [9], artificial potential fields
(APF) [10], [11], sampling-based planners such as rapidly
exploring random tree (RRT) [12], and optimization-based
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approaches including model predictive control (MPC) and
optimal control [13], [14], [15], [8]. To account for moving
pedestrians, the social force model (SFM) [16], [17], [15]
and optimal reciprocal collision avoidance (ORCA) [18] have
been used to predict pedestrian trajectories, which are then
incorporated into the wheelchair control framework.

Conventional path planning approaches treat pedestrians
as dynamic obstacles to be avoided [17], [14], [8], and
often fail to generate smooth or continuous maneuvers in
close human proximity [6]. Furthermore, approaches that rely
on pedestrian trajectory prediction require assumptions or
models of how other agents will move or respond. This may
not always hold in practice. The proposed framework instead
makes a single behavioral assumption about the interacting
agent, whether a pedestrian or another wheelchair user:
the agent is collision-averse. The wheelchair is therefore
expected to act optimally without requiring the interacting
agent to execute an optimal response. The interaction be-
tween the wheelchair and surrounding individuals affects not
only the safety and comfort of the wheelchair user, but also
those sharing the environment [19]. Therefore, human-aware
autonomous maneuvering is an essential capability for SW
systems.

In this work, pedestrians and other wheelchair users are
treated as interaction-aware moving agents rather than ob-
stacles. This shifts the core question from: “How should
a wheelchair avoid an obstacle?” to: “How can the en-
counter between a wheelchair and a pedestrian or an-
other wheelchair be modeled, learned and integrated into
autonomous navigation?”. This is particularly relevant in
environments such as nursing homes and assisted living
facilities, where a SW may need to maneuver not only around
pedestrians but also around other wheelchair users, in shared
spaces that are often narrow and densely occupied.

We formulate the two-agent (wheelchair-pedestrian or
wheelchair-wheelchair) encounter as an optimal control
problem. The desired behavior of the navigation system is
described as follows: upon entering the encounter zone, the
wheelchair does not stop or reroute, but follows a minimum-
energy, minimum-risk maneuver obtained from a joint two-
agent optimal control formulation, with both agents returning
to their original trajectories as closely as possible after the
interaction. The joint optimal solution provides a normative
reference for efficient collision-avoidance behavior and does
not require the interacting agent to execute the corresponding
optimal maneuver. In this way, the wheelchair can generate
a continuous and safe trajectory with minimal changes to its
original motion behavior.



The contributions of this paper are as follows:

1. The mathematical model of a wheelchair—pedestrian
or wheelchair-wheelchair encounter is formulated as a two-
agent dynamic interaction problem, where both agents are
represented by their initial positions and velocities at the
encounter boundary. The wheelchair is able to generate an
interaction-aware maneuver rather than simply treating the
interacting agent as a dynamic obstacle.

2. Unlike social navigation approaches that attempt to
model or predict human behavior, the proposed framework
does not require the other agent to follow a predefined intent,
trajectory, or optimal strategy. The other agent is assumed to
be only collision-averse, and the wheelchair does not rely
on the interacting agent to execute the optimal maneuver
computed by the joint formulation. Instead, optimal behavior
is used as a normative benchmark. This allows the wheelchair
to generate an efficient risk-reducing maneuver while also
providing a reference for interpreting what an energetically
efficient avoidance behavior would look like if both agents
responded optimally.

3. The cost function combines collision-risk minimization
with recovery of the agents’ pre-encounter motion. The pro-
posed cost function is composed of collision-risk reduction
(Lyisk), including a minimum-separation penalty, control-
effort minimization (Lcontro1), return to the initial velocity
direction (L g;rection), return to the initial velocity magnitude
(Lspeed), return to the initial path line (Ly;y.), and terminal
recovery terms (Jyerminai)- As a result, the wheelchair is not
merely driven away from the obstacle to avoid collision in
an undesired direction.

4. The encounter is formulated as a continuous co-
maneuvering problem, where both agents remain in motion
and adjust their trajectories smoothly to reduce collision risk,
rather than stopping, yielding or reversing.

The rest of this paper is organized as follows: Section II
is the related work, Section III presents the mathematical
formulation of the two-agent encounter; Section IV describes
the simulation setup and results; Section V details the multi-
layer perceptron (MLP) training process; Section VI presents
the physical wheelchair set-up for hardware experiments;
Section VII concludes the paper and discusses directions for
future work.

II. RELATED WORK

Early work on path-planning in dense crowds introduced
the concept of joint collision avoidance, recognizing that
pedestrians adapt their trajectories to one another to create
space for movement [20]. This observation motivated the
Interacting Gaussian Process (IGP) framework, which jointly
models possible robot and pedestrian trajectories while pe-
nalizing trajectory combinations that bring agents into close
proximity. [20], [21]. Accurately predicting pedestrian in-
teractions remains challenging, as interactions inferred from
neighboring agents’ past motions may be too complex to
predict reliably and may have limited influence on pedestrian
trajectories in many cases [22]. Pedestrian trajectory decision
models have been identified using inverse optimal control

and Gaussian process regression [14], while predicted pedes-
trian trajectories have been incorporated directly into MPC-
based wheelchair planning [15]. MPC-based wheelchair
planning has also been developed to account for uncer-
tainty in pedestrian behavior in constrained environments [8].
Learning-based approaches instead learn collision-avoidance
policies or representations of agent interactions from training
data [23], [24]. Collectively, these approaches account for
human behavior through prediction, modeling, uncertainty-
aware planning, or learned interaction representations.

III. MATHEMATICAL MODEL FOR TWO-AGENT
ENCOUNTER INTERACTIONS

In this section, the mathematical model for the encounter
between two agents: a wheelchair (Agent 1) and a dynamic
obstacle, which may be a pedestrian or another wheelchair
(Agent 2) is developed. Each agent i € {1,2} is charac-
terized by a position vector p;(t) = [z;(t), vi(t)]T and
a velocity vector U;(t) = [vgi(t), vy:(t)]T € R, both
defined with respect to a fixed global reference frame and
evolving over time. Given the initial velocity (encoding both
magnitude and direction) and position vectors of both agents
at the encounter boundary, the central question is: what is
the optimal behavior for minimizing the risk and returning
back to original behavior with minimum energy, given that
both move simultaneously, neither stopping nor yielding, but
maneuvering together continuously?

A. Encounter-Boundary

The encounter is modeled as a local, event-triggered
interaction problem. The inter-agent distance is defined as
r(t) = ||p1(t) — P2(t)||2. The encounter is initialized when
two conditions are simultaneously satisfied: the agents enter a
predefined encounter region of distance dep. = 2.5 m (r(¢t) <
denc), and the collision risk function h(¢(t)) exceeds a
predefined threshold (h(¢(t)) > hinresh)- Here, ¢ denotes the
angle between the agent’s relative position (pye1 (t) = Pa(t) —
P1(t)) and relative velocity vectors (Uye1(t) = U2(t) — v1(t)),
(see Fig. 1). The vector pye(t) points from the wheelchair
to the obstacle, defining where the obstacle is relative to
the wheelchair. The vector .. (t) is the velocity of the
obstacle relative to the wheelchair. The collision risk function
(given in Eq. 1, Fig. 2) is defined as a Gaussian centered at
¢ = 180°:
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where 0 = 30° is the standard deviation controlling the
width of the risk region, and A¢ppesn = 0.01 is the activation
threshold. With these parameters, the high-risk regime spans
approximately ¢ € [90°, 270°].

The full system state vector is 8-dimensional, Z(t) =
[p1(t), Pa(t), D1(t), 2(t)]T € RE. The control input for
each agent is defined as @;(t) = [ui(t), uiy(t)]’ €
R%, i € {1,2}, representing the force, in Newton, ap-
plied to each agent along the x and y axes, respec-
tively. The total control input vector is then u(t) =
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Fig. 1. The angle ¢ is measured from P, in the counter-clockwise (CCW)
direction as positive. It captures whether the interacting agent is approaching
the wheelchair (¢ = 180°), moving away (¢ = 0°), or passing laterally
(¢ =90°,270°).

Fig. 2. The collision risk function h(¢(t)): h(¢) = 1 corresponds to
maximum risk when the agents are moving directly toward each other, and
h(¢) = 0 when they are moving away. The threshold Aty esn at which the
collision risk starts to increase corresponds to h(¢) = 0.01.

(U1 (t), w1y (t), uze(t), uzy(t)]" € R The optimal con-
troller is active only during the local encounter interval.
Specifically, the system operates in four modes as described
in Algorithm 1. Upon encounter detection, the optimal con-
trol problem is activated over the planning horizon [to, ],
where t; is the moment the encounter condition is first
satisfied and ?; is the end of the planned trajectory. N is
the number of intervals over the planning horizon and Up;as,
is the computed optimal control sequence.

The basic objective is to determine the optimal control
inputs for both agents that produce a natural encounter be-
havior while minimizing deviations from their pre-encounter
behavior with low control effort.

B. Optimal Control Problem Formulation

The trajectory of each agent is governed by Newton’s
second law: mZ = F, where I = @ is the force vector
generated by the optimal controller. Introducing the general-
ized coordinates 1 = p1, To = P2, T3 = U1, and T4 = Vs,
hence the state equations are:

21 = T3, 2
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where m; and mo are the masses of the wheelchair and
the obstacle, respectively. Equations of motion (EoM) in the
state-space form can be written as Z(t) = AZ(t) + Bu(t),
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- Initialize: k < 0, Upjan < 0
fori=0,1,2,...,7 do
Compute 7(¢;4), h(¢(t;4)) from current state Z(¢;14)
if Uplan = 0 then
if 7(t;4) > denc then
Mode 1: Outside encounter region
a(t; i) + 0 > no encounter detected,
continue at nominal velocity
else if 7(t;7) < denc and h(d(t;4)) < hthresh
then
Mode 2: Inside encounter region, low risk
@(t;i) < 0 > not risky, maintain nominal
velocity
else if 7(¢;7) < denc and h(d(t;4)) > hinresh
then
Mode 3: Inside encounter region, high risk
k <+ 0, solve optimal control over the horizon
[to, tf], store Uplan > compute
a*(0),a*(1),...,a"(N —1)
end if
end if
if Uplan # 0 and k£ < N then
a(t;i) < u*(k), k < k+1 1> execute planned
control step k
end if
if K > N and Upla, # 0 then
Mode 4: Post-encounter
Uplan < 0, k<0
a(t;i) + 0 > deactivate optimal controller,
continue with last velocity computed by @*(N — 1)
Check r(t;4), h(o(t; 1))
if 7(t;1) < dene and h(¢(t;4)) > hinresn then
k < 0, solve optimal control, store Uplan >
Mode 3: optimal controller reactivated
else
@(t;i) < 0 > Mode 1 or 2: resume nominal
behavior
end if
end if
x(t;i) < Ax(t;i) + Bu(t;1)
roll-out dynamics
end for
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The optimal control problem [25] is defined as:

min J(@)
st. z(t) = Az(t) + Bu(t), Z(to) = Zo (7
— Umax < uz(t) < Umax; 1= 1;27374



The optimal control problem is supposed to minimize a cost
function J(@) subject to the state equations (Egs. 2-6) as
dynamic constraints (constraints enter the problem implicitly
via the calculation of states as a function of control inputs).
By solving this problem, we obtain the optimal policy of
what both the wheelchair and the obstacle should do under
different encounter conditions. The overall cost function is
defined over the planning horizon [to, ts] as:

ty

J(’a) = / (Lrisk(t) ~+ Ldirection (t)
to

8

+ Lspeed (t> + Lline(t) + Lcontrol(t)) dt ( )

+ Jterminal .

The proximity penalty function f(r(t)) is a piecewise con-
stant function such that it increases as the agents get closer
and rises sharply when the distance falls below dene/1.5,
with ¢ > ¢; > 0:

0 ifr> dene

. denc
fr@) =< a if 15 < 7(t) < denc )
if r(t) < dene
@ BTYETE

The collision risk cost (L;;sx(t)) is then:

r()’

(10)
where wco) > 0 is the collision penalty weight. The velocity
direction cost (Lgirection(t)) penalizes deviation from the
initial velocity direction.

Laisection(t) = w(t) | (81(t) = 1(t0)) T Quie (01(1) — 01 (t0))

Lrisk(t) = f(T’(t)) : h(¢(t)) + Weol max(O, dsafe -

+ (3(t) — ta(t0)) T Quirlb(t) — 7a(to))|
(11
where 0;(t) = v;(t)/||v;(¢)|| is the unit direction vector,

Qair € R?*2 is a diagonal, positive definite matrix used
for both agents. Qqg;y = diag(p, p) with p > 0 applied
along both = and y axes equally. The recovery weight w(t)
(given in Eq. 12), increases quadratically over time and
krecovery = 0 controls the recovery rate. So that, in the
beginning agents can maneuver more freely and towards the
end they will return to the pre-encounter velocity direction.
Att=tg, w=1att=ty, w=1+ kpec.

2
t—1
U)(t) =1+ krecovery (O>

12
=" (12)

The velocity magnitude recovery cost (Lgpeeq) penalizes
deviation from the initial speed of each agent, ensuring that
both agents return to their pre-encounter speeds:

Lopeea(t) = w(t) gspeea | (I72(0)]| = 31 (t0)]])°

(13)
+ (10l = l1za(t0) )]

where gspeed > 0 is a scalar weighting parameter and w(t) is
the same recovery weight as in Eq. 12. The cross-track error
cost (Lyine(t)) penalizes lateral deviation from the initial
trajectory line. The perpendicular distance of agent i from
its initial trajectory line is:

ei(t) = (pi(t) — pi(to)) "
where 7; = [~9;,(t0), 9ix(to)]" is the unit normal vector
to the initial velocity direction. The cross-track cost is then:

(14)

Lline(t) = ’U)(t) Qline [61(t)2 + e2 (t)z]

where qiine > 0 is a scalar weighting parameter and w(t) is
the same recovery weight as in Eq. 12. The control effort cost
(Leontrol) penalizes large control efforts to force minimum
energy maneuvers:

5)

Leontror (t) = a(t) " D a(t) (16)

where o > 0 is a scaling parameter and D € R*** is a
diagonal, positive definite matrix, D = diag(ds, da,ds,d4)
with d; > 0, penalizing the control forces along each axis of
both agents. The terminal cost forces that both agents return
to their initial velocity directions and trajectory lines at the
end of the planning horizon ?:

= (D1(ts) — D1(t0)) " Qrerm (D1 (L) — D1(t0))
+ (02(ty) — Uz(fo)) Qterm (02(tf) — D2(t0))
~+ Gterminal [61( + €2 tf) ]

Jterminal

(17)
where Qierm € R?%2 is a diagonal, positive definite matrix,
Qterm = diag(7y, v) with v > 0, and Gserminal > 0 is a scalar
weighting parameter for the terminal cross-track error.

C. Numerical Solution of the Optimal Control Problem

The optimal control problem is infinite-dimensional in its
original form. To solve it numerically, the planning horizon
[to,ts] is divided into N = 20 equal intervals of length
At = (t; — to)/N, yielding the time grid ¢t; = to + i At
fori =0,1,...,N. The control input @(t) is assumed to be
constant over each interval, i.e., a(t) = @;q for t € [t;, t;11].
The unknown vector U, is constructed by concatenating
individual u;4’s as:

T c R4V

LUN_4] (18)

[_Jd = [ﬂ(—)r,ﬂir,
resulting in 4 x 20 = 80 unknowns in total. The state vector
is a dependent variable, computed by solving state equations.
Using the forward difference approximation:

Tiy1 = Z; + At (AZ; + Bay) (19)
The continuous cost integral is approximated using the
trapezoid rule where:

tf
(20)

to

At N—
7 Z fz+fz+1
=0



The resulting finite-dimensional optimization problem is
solved using Particle Swarm Optimization (PSO), a well-
known gradient-free method suitable for non-linear optimiza-
tion problems.

IV. SIMULATION RESULTS

In simulations, m; = 100 kg for the wheelchair and my =
80 kg for the interacting agent, modeled as a human. The
optimal control problem was solved using a global-best PSO
algorithm. The optimization horizon was set to ty = 10 s
and discretized into N = 20 intervals, resulting in a time
step of At = t;/N = 0.5 s. Only the control inputs are
treated as optimization variables; the state trajectories of the
wheelchair and the interacting agent are generated from the
initial conditions through the roll-out dynamics. The control
dimension is n,, = 4, corresponding to the x- and y-direction
control forces of both agents. Therefore, the PSO decision
vector contains Nn, = 20 x 4 = 80 variables.

Each PSO particle represents one candidate control se-
quence over the complete optimization horizon. The global-
best PSO was run using 50 particles for 2000 iterations, with
cognitive and social coefficients of 1.5 and an inertia weight
of 0.7. The control forces of both agents were bounded to
+500 N throughout the optimization. The resulting agent
trajectories are shown in Figs. 3 and 4 for the maximum-
risk (¢ = 180°) and high-risk side-approach (¢ = 166.7°)
encounter conditions, respectively. In Fig. 4, the minimum-
control-effort objective leads the wheelchair to reduce its
speed with minimal lateral deviation, while the lighter in-
teracting agent (human) accelerates and performs a larger
avoidance maneuver to prevent the inter-agent distance from
falling below dgafe.

In practice, the interacting-agent (i.e., human) may not
execute the joint-optimal maneuver. The human’s optimal
controls are therefore replaced with a model-predictive con-
troller (MPC) that minimizes only the human’s own cost
while anticipating the wheelchair’s plan (Fig. 5). To compare
the agents, the cost in Eq. 8 is split into J; and Js, each
consisting of the shared risk term (L,;sx) and the remaining
terms of the corresponding agent. As the prediction horizon
grows, the human’s cost (J2) approaches the joint-optimal
value, reaching within 2% at 2.0 s, showing that a self-
interested agent adopts a near-optimal response without
being instructed to cooperate (see Tab. I). From 2.5 s onward,
Jo falls slightly below the optimum, since the best-response
problem (at most 12 variables) is solved more accurately
than the 80-variable joint problem. This comes at the price
of incomplete terminal recovery, as the human’s terminal cost
remains above that of the optimal maneuver.

V. MLP CONTROLLER DESIGN

Solving the optimal control problem in real time is compu-
tationally demanding. Therefore, the optimal control problem
will be solved offline over a 19 x 15 grid of encounter
conditions, sweeping the angle ¢ from 90° to 270° in 10°
increments, and the human’s speed up to 6 km/h in 15
equal steps. For each scenario, the optimal control inputs
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Fig. 3. Maximum-risk encounter with ¢ = 180°. The initial states are
p1 = [0,0] m, p2 = [3,0] m, 71 = [0.8,0] m/s, and T2 = [—0.6, 0] m/s.
The resulting relative velocity is o) = [—1.4, 0] m/s, which is opposite
to the relative position vector pye] = [3,0] m, corresponding to a head-on,
maximum-risk encounter.

Trajectory — pl & p2

17.59
—8— pl (wheelchair)
—8— p2 (interacting agent)
15.0 1 W plstart
B p2start
12.5 * plend
* p2 end
10.0 1
£ 751
>
5.01
2.59
"
0.0 C= ‘.
2.

5 50 75
x[m]

10.0 125 15.0

Fig. 4. High-risk side-approach encounter with ¢ ~ 166.7°. The initial
states are p1 = [0,0] m, p2 = [2,—1.5] m, 91 = [1,0] m/s, and 02 =
[0,1.2] m/s. The resulting relative position and velocity vectors are prel =
[2,—1.5] m and vrel = [—1, 1.2] m/s, respectively. The optimal maneuver
reduces the wheelchair speed while increasing the interacting agent’s speed
to reduce collision risk while both agents remain in motion.

will be discretized into 20 time steps and recorded, together
with the entry and exit times of the risk region, to train
a MLP [26]. During deployment, the MLP will provide a
continuous mapping from the encounter-entry state to the
control input in real time.

VI. EXPERIMENTAL SET-UP

The LUCI SW system [27] will be used for the hardware
experiments, as shown in Fig. 6. The wheelchair will op-
erate in AutonomousRemote mode with the LUCI collision-
avoidance system disabled. Two complementary sets of hard-
ware experiments will be conducted to evaluate the proposed
framework. The first set of experiments will be conducted in
a 5.4 m x 5.3 m cage equipped with an OptiTrack motion-
capture (MoCap) system. Eight overhead cameras provide
coverage of the experimental area. Reflective markers will
be mounted on the wheelchair and on beanies worn by the
human participants to track their positions and orientations
throughout the experiments. The MoCap system will provide
ground-truth position and orientation measurements for both
the wheelchair and the human participants. The second set



TABLE I
HEAD-ON ENCOUNTER: OPTIMAL HUMAN VS. HUMAN MPC
ANTICIPATING THE WHEELCHAIR’S PLAN FOR DIFFERENT PREDICTION
HORIZONS H. THE WHEELCHAIR EXECUTES THE SAME JOINT-OPTIMAL
PLAN IN ALL RUNS. Ji, J2: WHEELCHAIR AND HUMAN COSTS (SHARED
RISK PLUS OWN TERMS); J;erm; HUMAN TERMINAL COST; JOINT:
J1 + J2 — Jijsk; J5 : HUMAN COST IN THE OPTIMAL CASE; ¢, g
TIME WITH 7 < dgafe-

safe

Human H tpcq ;. Ji Jo  Jser™m o Joint  Jo/J3
[s] sl (x10%) (x10%) (x103)
Optimal - 0.5 33.7 52.5 0.1 62.2 1.00
MPC 1.0 1.0 34.0 125.7 24600 1354  2.39
MPC 1.5 1.0 33.9 67.1 4100 76.8 1.28
MPC 2.0 1.0 33.8 53.5 808 63.3 1.02
MPC 2.5 0.5 33.6 49.9 175 59.6 0.95
MPC 3.0 0.5 33.6 49.0 54 58.7 0.93
Trajectory — pl & p2 Trajectory — pl & p2
—e— pl (wheelchair) 6 —e— pl (wheelchair)
6 —e— p2 (interacting agent) —e— D2 (interacting agent)
W plstart W plstart
W p2start " W p2start
4 % plend * plend
% p2end % p2end

y[m]
o
ym]
o

-6 -4

x[m] x [m]
(@) H=3.0s b H=1.0s

Fig. 5. Trajectories with the human MPC anticipating the wheelchair’s
plan. The wheelchair executes the same joint-optimal plan in both runs.
(a) With a 3.0 s horizon, the human performs a near-optimal avoidance
maneuver. (b) With a 1.0 s horizon, the human avoids the wheelchair but
deviates considerably further from its original direction and path than in (a).

of experiments will be conducted in an open area outside the
MoCap environment using onboard sensors. In this config-
uration, LiDAR-based localization will be used to estimate
the wheelchair pose, while RGB-D cameras will be used
to detect and track pedestrians and estimate their relative
positions and velocities with respect to the wheelchair.

VII. FUTURE WORK AND CONCLUSION

As future work, the MLP controller will be trained and
evaluated through hardware experiments on the physical
wheelchair platform. In parallel, the optimal control param-
eters (Qair, Qterm> D, a, o) used in this study will be
calibrated and validated using motion capture data collected
from real human-wheelchair encounter experiments. Multiple
encounter configurations will be tested by varying the initial
angle between the velocity vectors of the two agents as well
as their initial speeds. The encounter-entry states (position
and velocity vectors recorded at the moment both encounter
conditions are satisfied, i.e., r(t) < dene and h(¢p) >
hthresh) WIll serve as the initial conditions for the optimal
control simulation. The resulting simulated trajectories will
be compared against the measured experimental trajectories
collected under motion capture. The parameters will be

5.4 mx 5.3 m cage

Fig. 6. LUCI SW platform and OptiTrack MoCap system.

iteratively tuned until convergence, with 70% of trajectories
used for calibration and 30% reserved for generalization.
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