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Abstract

1. Introduction

Providing an assistive navigation system that augments
rather than usurps user control of a powered wheelchair
represents a significant technical challenge. This paper
evaluates an assistive collision avoidance method for a
powered wheelchair that allows the user to navigate safely
whilst maintaining their overall governance of the platform
motion. The paper shows that by shaping, switching and
adjusting localized potential fields we are able to negotiate
different obstacles by generating a more intuitively natural
trajectory, one that does not deviate significantly from the
operator in the loop desired-trajectory. It can also be seen
that this method does not suffer from the local minima
problem, or narrow corridor and proximity oscillation,
which are common problems that occur when using
potential fields. Furthermore this localized method enables
the robotic platform to pass very close to obstacles, such as
when negotiating a narrow passage or doorway.

Navigation in the robotic arena can be described as the
guidance of a robot towards a goal whilst avoiding obsta‐
cles; however, those tasks must be undertaken with
consideration to the platform kinematic constraints and
dynamic behaviours. When we consider assistive, or semiautonomous, robotics with the human in the loop — such
as robotic wheelchairs and remote tele-operated platforms
— we need to remove the autonomous high-level func‐
tions that perform tasks such as high-level path planning
and targeting, or goal seeking [1]. The reason is that in reality,
a conflict of interests may well occur; for example, the
platform system takes its trajectory from the user’s desire
for something, possibly, as a result, causing some injury or
damage (or at best apprehension) when using the system [2].

Keywords Smart Assistive Powered Wheelchair, Mobile
Robotics, Real-time Navigation, Dynamic, Localized
Adjustable Potential Force Fields

For many users, the operation of powered wheelchairs in
enclosed environments, such as buildings, proves prob‐
lematic. An important need is to be able to drive in such
environments with minimal collisions. For those users with
significant physical disabilities, accurate control of the
chair is a major challenge. The inability to avoid colliding
with objects or other persons can deter the user from
Int J Adv Robot Syst, 2015, 12:147 | doi: 10.5772/61190
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driving or may even cause the removal of the option of
independent powered control because it presents an
unacceptable risk to the user, to others and to the environ‐
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The ACA prevents the higher levels from subsuming the
interconnection between the higher layers and lower
lower layers if the lower levels are still active. For
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example, the collision avoidance layer will not be
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Following on from this proposal, we have developed a new
collision avoidance method based on using a potential force
field as a moderating input on the desired trajectory. The
repulsion generated by the nearest obstacle in each region
of interest or zone is used to dampen the input to the drive
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ance method that improves upon existing technology. We
confirm this through experimentation using a test platform
and finally conclude that the dynamic localized adjustable
force field method (DLAFF) is compatible with the require‐
ments for human-assistive wheelchair navigation.
2. Description of Human-assistive Robotics Problems
Assistive technology developments, such as smart electric
wheelchairs, are mobile robotic interactions that are
traditionally bound to carefully controlled workspaces,
increasingly towards uncertain and complex human
environments. Seamless crossovers between humandefined desired trajectories and traditional, autonomous
system-aided trajectories are required. Human-assistive
systems place the intelligent user in the loop [1, 6] and,
according to Matuszek et al. [7], this requires a stochastic
and semantics-based workspace. Methods commonly
employed in the Euclidean geometric domain, such as
covariance ellipses indicating location and object uncer‐
tainty, now for assistive technologies may require weight‐
ed nuances, with obstacles and targets having a spectrum
of importance.
Some of the main considerations for human-in-the-loop
assistive mobile robotic platform development, according
to the literature [1, 8-10], can be listed as follows:
1.

possible injury to pedestrians,

2.

possible damage to infrastructure,

3.

learning to drive the PWC safely,

4.

manoeuvring in tight spaces,

5.

inability of users to see behind or to the side,

6.

potential of tipping over,

7.

reliability of equipment and

8.

adjustability and adaptability of system/equipment to
changing needs.

We considered solving problems 1-4 in this paper by
developing a method to:
• help correct the user trajectory, even with a small
clearance gap between the doorway and the platform,
• provide lane following or keeping to one side of the
corridor so that people and other platforms have the
room to pass without collision,
• allow docking or close proximity with an object without
a harsh collision,
• vary the collision avoidance assistance according to the
user’s needs,
• allow movement in confined spaces while providing
collision avoidance and
• make the system easily adjustable and configurable.

3. State-of-the-art for Smart Powered Wheelchairs
An extensive review of intelligent and assistive wheelchair
literature was undertaken by Simpson in 2005 [11]; another
independent review of the literature was undertaken by
Faria in 2014 [12]. Some of the research projects mentioned
in 2005 have continued to influence research [13-16], while
other new platforms have emerged [17-19] and some 4,018
papers have been published between 2005 and 2013.
Despite this significant research, little has been done to
bring smart PWCs to the end-users, according to Garcia et
al. [14]. They argue that most research is carried out in the
lab without recourse to the stakeholders, in particular, to
the users.
A collaborative control method (2010) [20, 21] was devel‐
oped over a number of years at Imperial College London
by Tom Carlson; their model, called DLOA, uses local
obstacles detected in the vicinity of the user’s intended
direction (obtained from the joystick) and the systemshaped trajectory in order to avoid the obstacle or to pass
through a doorway. If the collaborative controller deter‐
mines a mismatch between the approach path and a
system-generated path, then the system takes control. Their
system uses a layered approach: beneath this trajectory
assistance, they employ a virtual bumper using sonarranging sensors to avoid localized collisions. This layered
structure is a common theme, also having been employed
in the VAHM [22] and Wheelsley [23] projects, for example.
The ARTY researchers in 2012 [24], following on from
Carlson, attempted to use two methods of navigational
assistance for their smart PWC. The first method used the
Vector Field Histogram (VFH) [25], which proved difficult
to tune and adjust, is non-intuitive and relies on the model
of the platform being expressed as a point object. The
second method used the Dynamic Window Approach
(DWA) [26], which is a better representation for taking into
account platform dynamics and modelling and was easier
to tune and adjust. However, this method was computa‐
tionally expensive, taking too long to compute solutions.
The researchers adopted a novel hybrid approach that
provided an approximate solution to the DWA. Another
separate development by researchers at the University of
Seville has been to modify the DWA method into a shared
dynamic control [27].
4. Methodology For The Dynamic Localized Adjustable
Force Field Method (DLAFF)
Potential fields were first suggested by Andrews and
Hogan [28] for use with manipulators and later by Katib
[29], who included mobile robotics. The concept combines
the principle of positive attractive forces acting at the goal,
or target, and negative repulsive forces emanating from
obstacles. A gradient then forms between the target and the
current position of the robot; this forms a gradient descent
trajectory from the current position to the target, making
potential field methods highly suited to real-time mobile
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robotics applications [30]. This method has been adopted
for collision avoidance with smart powered wheelchairs
[31, 32]; road vehicle driving assistance based upon using
potential fields to keep vehicles following lanes and
utilizing a steering damping method has also been sug‐
gested [33].
Urdiales et al. [34] state that many assistive wheelchair
collision avoidance systems rely upon the potential field
concept or are derived from the method, such as the VFH.

4.1 Platform Kinematic Model
Human transport is largely based upon car-like vehicles,
which can all be thought of as acting in a manner whose
kinematic modelling can be described as a bicycle model
[41]. Another alternative form of transport commonly used
is the tank style, or differential drive wheels on the same
axle, such as is used on electric wheelchairs; this kinematic
model can be thought of as a unicycle [42]. Both the unicycle
and bicycle models can be expressed as follows [43]:

The Virtual Force Field (VFF) [25], which led to the VFH
method, was introduced in 1989 as real-time obstacle
avoidance for fast robots. VFH utilizes a two-dimensional
Cartesian grid, or active window, centred on the vehicle
centre point that moves with the platform in the real-world
reference frame, thus effectively reducing the world frame
area in size to the immediate vicinity of the platform.
Ultrasound ranging measurements can then be used to
determine the existence of obstacles by using certainty
values for each of those measurements in a histogram grid
[35], from which a repulsive force vector can be deter‐
mined. The resultant force vector driving the robot is then
the summation of the repulsive vector and the target
attractive vector.
We have used the concept of an active window or moving
frame and force field to develop our method; however, we
propose that the frame should be elliptically shaped, and
adjustable in size according to the platform’s dimensions
and dynamics.
One common problem occurring with the application of
potential fields has been the passage of the platform
between two close obstacles, such as a doorway [36]. The
force field either causes the platform to veer away, if the net
magnitude of the driving force is less than the sum of the
repulsive forces, or pass through it, if the repulsive force is
less than the driving force’s magnitude — a problem Soh
and Demiris reported when using VFH [24]. We use a nonlinear localized potential field which acts between an inner
and outer boundary (surrounding the platform) upon the
nearest obstacle, Guldner et al. [36] introduced the concept
of representing obstacles as point charges within circular
security zones that are inside ellipsoidal gradients, which
considered the nearest obstacle and used weighting to
avoid discontinuities when switching between zones.
A solution to the local minima problem [37] used a humanrobot interaction for the manipulation of potential fields
[38] in order to navigate around obstacles. They used the
human interaction to shape the potential field such that the
two sides of the trap were modified by the human operator
and they were ‘pulled’ into a convex boat-like shape, thus
driving the robot out of the trapped situation. The devel‐
opment of our ellipse method allows adjustment of the
repulsive zones according to the waypoint being negotiat‐
ed, either by system recognition of the waypoint [39, 40] or
by human override.
4
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vright - vleft
q& =
= wbody
W

(3)

vrear
tan a = wbody
W

(4)

j& =
Where:

ẋ = vbody = The platform body’s velocity,
θ̇ = ωbody = The body’s rotation rate about the z body axis,

W = The distance between the two rear drive wheels,
vright ,left = The velocity of the rear drive wheels,

vrear = The velocity of the single-motor driven rear wheels

and

φ̇ = The body’s rotation rate about the z body axis

Conventional use of the kinematic models [44] usually
divides them such that unicycle-type robots obey Eq. (1)
and Eq. (3), whilst bicycle-type robots obey Eq. (2) and Eq.
(4). However, it can be clearly seen that the form of both
equations are very similar; for example, unicycle robots
could be represented as front-wheel driven tricycles, and
six common wheel configurations (with 2-degrees-offreedom or 3-degrees-of-freedom) have been given consid‐
eration [45]. However, in all cases, the effective real-world
platform trajectory could be said to generally follow the
mid-point between the two rear wheels, marked as ‘o’ (z
body axis) in Fig. 2, where Eqns. (1) and (2) are effectively
the same and describe the rate of translation of the platform
at ‘o’ as forward platform velocity (vbody). Eqns. (3) and (4)
describe the rate of body rotation (ωbody) about the z body
axis on the x, y plane, where θ and φ are the instantaneous
tangential heading angle for some time. It can be seen that
the steering angle α can be effectively described as a
bounded case of θ.
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vmr = vbody +

vml = vbody -

Wwbody
2
Wwbody
2

(5)

(6)

Then, in terms of a dynamic model [42] using Newton’s
second law where M and J are platform mass and rotational
inertia, and Jm represents the motor and gearbox inertia, our
dynamic force and torque model for left and right wheel
motor torques are then given by Eqns. (7) and (8).

Figure 2. Platform and ground frame of reference
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JWwbody
2

(7)

Figure 2. Platform and ground frame of reference
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We can then describe our improved adjustable dynamic
model in terms of torque and force damping directly from
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Having undertaken evaluation and experimentation, we propos
interest around the platform, or local workspace, can be expresse
relationship with the PWC platform’s dimensions. This region re
repulsive region around the PWC platform. Similar work on the
ellipses to improve the flow of potential field lines [48] and anot
shapes [49].
the obstacle avoidance requirements, as shown in Eqns.
(11) and (12), where the obstacle damping force from an
obstacle on the front right zone quadrant acts independ‐
ently on the left wheel Fr, and an obstacle on the front left
zone quadrant acts on the right wheel Fl as exponential
ratios. They are bounded by Eqn. (13) such that they drive
their respective opposing side-wheel velocities to zero in
the presence of obstacles, as previous work by Braitenberg
[46] and Nolfi and Floreano [47] demonstrated with their
biologically inspired mobile robots.

ke emr = km Fl Mvbody + Fl

ke eml = km Fr Mvbody - Fr

k j JWwbody
2

k j JWwbody
2

0 £ Fr £ 1,0 £ Fl £ 1

(11)

(12)

(13)

The damping equations of each motor can be re-arranged
to be expressed in terms of the body-heading velocity and
body-turning rate: Eqns. (14) and (15).
æ F e + Fr eml
vbody = ke ç l mr
ç 2 Mk
m
è

ö
÷÷
ø

(14)

æ Fe - F e
wbody = ke ç l mr r ml
ç
k j JW
è

ö
÷
÷
ø

(15)

4.3 Obstacle Avoidance Model
Following on from the development of the localized
potential force field and the platform dynamic model
development, we then apply them to the concept of a
localized workspace travelling with the platform. Previous
work using the VFH [25] and the DWA [26] had identified
several problems when the methods were applied to the
task of the assistive PWC [24, 34] and we solved these issues
with our DLAFF method.
Having undertaken evaluation and experimentation, we
propose that a more effective way of modelling the region
of interest around the platform, or local workspace, can be
expressed in terms of a Euclidean ellipse that has a geo‐
metric relationship with the PWC platform’s dimensions.
This region replaces the histogram workspace with a nonlinear repulsive region around the PWC platform. Similar
work on the subject has looked at modelling obstacles such
as ellipses to improve the flow of potential field lines [48]
and another looked at modelling the obstacles as geometric
shapes [49].
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some other system or by the user.

Furthermore, our ellipse model can be separated into zones
with different elliptical dimensions depending upon the
navigational requirements. For example, the right hand
side zone may have the inner and outer ellipse extended
along Ey (Fig. 3) to follow a corridor along one side, or for
lane following behaviour. Another example would be to
extend both the left and right front zones as shown in Fig.
3 along Ex; this extension can be based upon dynamic
feedback, so that as velocity of the platform increases then
the inner and outer ellipses are extended, not necessarily
equally. Therefore, this method allows the repulsive
elliptical zone surrounding the platform to be easily tuned
to the task at hand, either by some other system or by the
user.

Fl = 1 -

1

(( R - p ) / kl )
exp

(18)

Where: θ < 0 and θ ≥ − αmax
The angle α relates to the maximum steering angle of the
car-like platform whilst, in forward motion, the term k
allows the potential field slope to be empirically tuned.

Figure 4. Zonal application of the elliptical obstacle avoidance model

Sensors are mounted so as to radiate out from the platform,
such that they provide ranging data along the lines marked
R and p in Fig. 3 and Fig. 4. The repulsive force field method
is applied as a moderating input to the drive motors, as
developed in the previous section. This force is applied
along the ranging axis R between the inner and outer
ellipses, which is given in the general form by Eqn. (16),
where the nearest obstacle on each side is specified by the
zone such that Eqns. (17) and (18) represent the terms for
the front left and right zones; the rear and side zones can
be similarly obtained. Fig. 4 shows the front right quarter
angle as θ, represent the region covering the maximum
platform steering angle (max α) whilst still moving forward
or reverse, such that the sensors in this region can be high
resolution providing accurate range and angle, for exam‐
ple, in detecting doorway sides. The side zones are used to
detect proximity to obstacles, such as walls, when the
platform is translating in the x body axis, and obstacles
when rotating about the z body axis in the special case of
the unicycle or wheelchair kinematic model. Thus, our
ellipse model separates obstacles and sensors into zoned
regions of interest as shown in Fig. 4; where, depending
upon the direction of travel, the nearest object in each zone
then acts to damp each drive motor.
The damping terms:
F = 1-

Fr = 1 -

1

(( R - p ) / k )
exp
1

(( R - p ) / kr )
exp

Where: θ ≥ 0 and θ ≤ αmax

(16)

(17)

The zones shown in Fig. 4 are a simplification; the number
depends upon the placement of suitable sensors, the type
of platform and individual applications. Each zone can be
independently manipulated: moving the inner and outer
ellipse further out or the outer ellipse closer in (when the
inner ellipse is at the minimum range). Furthermore, zones
can be active or not, depending upon the requirements. For
example, active zones would be related to the direction of
platform motion, side zones can be activated when the
platform is either rotating about the z body axis or accord‐
ing to the task: such as traversing corridors, when lane
following or according to some other dynamic require‐
ment.
The equations for all zones are the same as for the forward
one, although the repulsion may be applied to both wheels
equally to slow the platform down rather than turn it away.
Zones should coincide with angular steering limitations
such that no obstacle can be missed. Dynamic adjustment
of the force field by velocity feedback or joystick input can
be implemented by extending both the inner and outer
ellipses by an amount proportionate to the velocity, and/or
by adjusting k.
5. PWC System And DLAFF Evaluation
Our experimental platform hardware, labelled in Fig. 5,
consisted of a differential drive wheelchair, with a width of
0.68m (2B inner ellipse variable) and a length of 1.0m (2A
inner ellipse). The platform was driven by two 150W
brushed DC motors, through two 25A independent motor
drivers. A Hall Effect joystick and four digital buttons were
employed as the human input devices. An Atmel
SAM3X8E ARM 32-bit microcontroller was used as the
system-processing unit. We modified the two standard
motor gearboxes to make each accommodate a 360-pulse
resolution optical wheel encoder.
For the movements of wall following and doorway passing,
an array of six Sharp GP2Y0A710K0F 5m range infrared
distance measuring sensors were mounted on the platform
at 90°, 45°, 10°, -10°, -45°, -90°, and two 128-pixels TSL1411
line-scan imaging sensors (one covering the front left zone
and the other the front right zone between -25° to 25°)
modified to function in the near-infrared, in order to
provide a high-resolution obstacle-edge detection for
doorway
passing.
An
additional
two
Sharp
GP2Y0A710K0F 5m range infrared distance sensors,
together with six sonar SRF02 ultrasonic range finders,
were mounted lower down for the detection of obstacles.
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damping method, as is often the case with potential field
applications in mobile robotics [37].

Figure 5. Experimental DLAFF test platform

A series of tests were conducted to experimentally evaluate
the performance of our DLAFF method:
• Trajectory comparison,
• Travel down a narrow corridor,
• Travel down a wide corridor keeping to one side, i.e.,
lane keeping,
• Approaches to an obstacle at different velocities,
• Negotiating several obstacles in the pathway,
• Passage through closely spaced obstacles, i.e., a doorway
and
• Driving up to an obstacle and docking.
An initial trajectory comparison was made between eight
naturally driven human trajectories, shown in Fig. 6, and
eight paths, shown in Fig. 7, that the DLAFF method
generated by negotiating ninety-degree corridor turns. The
PWC platform started at the same position each time and
was driven by a non-disabled, experienced operator of a
PWC. Full joystick control was available for the human
trial; however, for the DLAFF trial, only forward velocity
was controllable, not turning, and the collision avoidance
provided the steering.
When a best-fit quadratic curve is applied to each of the two
sets of trajectories, the resulting curves given in Fig. 8 can
be seen to be a similar shape.
A 1.1m wide corridor was chosen for the first experi‐
ment, and it was only by adjusting the outer ellipse B
value that we were able to pass down the centre of the
narrow corridor. The trajectory is shown in Fig. 9a, with
a platform clearance of 0.21m on either side. Despite
moving the joystick from side to side as if to steer the
platform deliberately into the walls—the joystick volt‐
age in Fig. 9b shows this action—little deviation from the
centre is seen, and no collision with the walls occurred.
Furthermore, no oscillations can be seen with this
8
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Potential fields have been suggested for lane keeping in
mobile robotics [33] and we considered this application in
our second evaluation with a 1.7m wide corridor. In this
experiment, we kept the right zone ellipse equal to the
narrow corridor setting, and set the left ellipse zone such
that the platform again followed a path parallel to the
corridor. However, this time we had a bias to the right and
we set the ellipse shape to allow a little free movement so
that the platform could move a few centimetres off course:
hence, not damping the overall velocity as much as we did
in the narrow corridor. The low clearance between the
platform and the right wall at the higher velocity was
considered uncomfortable for the user and so adjustment
to the two ellipses were made to guide the trajectory away
from the right wall a little more. The lane-following
trajectory can be seen in Fig. 10a and the attempt to
vigorously deviate from the lane-following trajectory by
moving the joystick from side to side can be seen in Fig. 10b.
We show in this experiment that one of the major problems
when implementing potential fields in mobile robotics and
passing between close objects can be overcome using our
DLAFF method. We adjusted the potential field k to change
the shape of the slope in order to reduce the velocity with
which the platform passed through the doorway, and
minimized the outer ellipse to allow a fast approach.
The doorway opening in this experiment was 0.76m; the
clearance between the doorway frame and platform was
only 40mm each side. The platform trajectory can be seen
in Fig. 11a, in which the platform was driven away from
the ride side of the doorway, whilst in Fig. 11b, the joystick
user input remains at zero. The approach velocity to the
doorway is nearly 0.8m/s (Fig. 11b), only slowing and
manoeuvring in the last 0.75m; this speed was much faster
than was comfortable for the experimenters. Several highspeed passes of the doorway are shown in Fig. 12, where
the damping caused the platform to centre on the doorway
as it approached. One of the trajectories (6), shown as a
dashed line, can be seen to correctly cause the platform to
avoid the doorway because the approach angle was too
great for the platform to pass through. Hence, our method
is not susceptible to the local minima problem [37].
Applying potential field methods to obstacle avoidance has
traditionally meant that the repulsive effect of an obstacle
may not be sufficiently powerful to cause a deviation of the
trajectory until the platform is close to that obstacle; this
causes the platform to behave in a non-intuitive manner.
Using our DLAFF method, we took the user-desired
platform-velocity vector magnitude from the joystick input
(which we also treated independently as the force vector)
or which we obtained from wheel-encoder velocity
feedback, and used that feedback to extend the inner and
outer front zone ellipses. This manipulation of the field
allows the platform to move out around the obstacle earlier
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A multiple obstacle experiment was run with four obstacles
Therefore, in this experiment, we treated the complete
in order to evaluate the performance of the platform when
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nearest obstacle in either frontal zone acts on both drive
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wheels, equally) and we used the joystick velocity demand
apart laterally. The trajectory can be seen in Fig. 16a and the
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proportionally.
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Table 3. Trajectory assistance when passing through a doorway
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ual. The last column (E) in Table 2 represents the results of
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input
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column (A) in Table 2 indicates the participants’ previous
experiences of wheelchair driving and may be used to
qualify the answers given.

There were no collisions with the doorway in all 84 of the
passes that the 17 participants made when the assistance
was enabled, as shown in Table 3. However, there were four
14 who each collided once with the
joystick-input participants
doorway during the 84 passes without assistance. One of
the three digital-input participants collided on three of their
six passes without assistance. The doorway-passing
trajectory assistance for each participant was recorded and
given again in Table 3. The three digital-input participants
(15-17) consistently received the most assistance, as would
be expected; the other 14 analogue-joystick-input partici‐
pants ranged from a good central alignment with no help
(Participant 13 on Pass 1) to one participant who decided
to test the system by trying deliberately to crash (Partici‐
pant 1 on Pass 5), which required the system to intervene
more.
Previous research has determined that ANOVA is a
suitable tool for assessing the statistical differences be‐
tween assisted PWC driving and non-assisted. The aim of
the human trial was to establish whether the DLAFF
method and the ACA control architecture was intuitive and
16
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times, which had three collisions. As a check, the p-value
for the participant who had the three collisions was 0.98,
which indicates that no time was expended due to the
collisions.
Previous experiments by Ferrer et al. [54] using a modified
VFH method indicated that oscillations occurred and, on
evaluation, that user frustration was higher when the
assistive system was engaged. Soh and Demiris also
reported that VFH was difficult to tune and that they were
unsure of the behaviour [24].
7. Conclusions and Discussion

A novel, enhanced, human-in-the-loop control structure
has been presented that allows the human-in-the-loop to
provide guidance commands on a higher level than is
possible in a traditional system, whilst retaining the role of
instigator of all actions. The system incorporates a localized
adjustable elliptical force field that can be used to overcome
the traditional problems associated with potential field
methods. This method is applied to a novel-shaped
dynamic window that travels with the platform; this shape
allows the platform trajectory to obey an appropriate set of
kinematic constraints.

The paper demonstrates through human evaluation that:
• when users try to pass through a narrow standard
doorway using a powered wheelchair, collision will
occasionally occur for some users when not provided
with assistance;
• our collision avoidance method prevents collision with
narrow doorways and will not allow passage if the
approach angle is such that the gap is too small, yet it
does not suffer from the local minima problem;
• the assistive trajectory is similar to the humans’ natural
trajectory;
• from the user feedback, our DLAFF method of assistance
is intuitive and not intrusive when the user needs that
assistance;
• oscillations around objects and in narrow corridors do
not occur when using our method;
• trajectory deviation can be adjusted according to the
dynamics of the platform, or obstacle.
The lap time analysis indicates that the collision avoidance
method does not slow down a joystick-input poweredwheelchair user with any degree of statistical significance.
Regarding digital input, a method that many highly
disabled powered-wheelchair users may need to use, lap
time analysis showed that when comparing the nonassisted laps to the assisted ones, there was a statistical
significance that they were equal. In addition, all the
assisted laps were collision free as opposed to the case of
the non-assisted laps. One user who had three collisions
with the doorway had almost identical lap times; the
statistical significance between assisted and non-assisted
laps was p = 0.98.
We therefore conclude that the DLAFF method is poten‐
tially suitable for application in human-in-the-loop sys‐
tems, such as assistive mobile robotic wheelchairs and teleoperated robots; future work will be required to test the
method in human clinical trials.
8. Acknowledgements
This research was supported by the European Union
Interreg IVA “2 Mers Seas Zeeën” cross-border co-opera‐
tion programme (2007-2013) under the SYSIASS grant.
9. References
[1] Nisbet P. Who’s intelligent? Wheelchair, driver or
both? In: Proceedings of the IEEE International
Conference on Control Applications. Volume 2;
18-20 September 2002; Glasgow. IEEE; 2002. pp.
760-765
[2] De La Cruz C, Celeste WC, Bastos TF: A robust
navigation system for robotic wheelchairs. Control
Engineering Practices. 2011;19(6):575-590. DOI:
10.1016/j.conengprac.2010.11.007

[3] Nakhaeinia D, Tang S, Noor SM, Motlagh O: A
review of control architectures for autonomous
navigation of mobile robots. International Journal
of the Physical Sciences. 2011;6(2):169-174. DOI:
10.5897/IJPS10.540
[4] Arkin RC: Motor schema—based mobile robot
navigation. The International journal of robotics
research.
1989;8(4):92-112.
DOI:
10.1177/027836498900800406
[5] Rosenblatt JK, Payton D. A fine-grained alternative
to the Subsumption Architecture for mobile robot
control. In: Proceedings of the IEEE International
Joint Conference on Neural Networks, (IJCNN,
1989). IEEE; 1989. pp. 317-323
[6] Frank Lopresti E, Mihailidis A, Kirsch N: Assistive
technology for cognitive rehabilitation: State of the
art.
Neuropsychological
Rehabilitation.
2004;14(1-2):5-39. DOI: 10.1080/09602010343000101
[7] Matuszek C, Pronobis A, Zettlemoyer L, Fox D.
Combining World and Interaction Models for
Human-Robot Collaborations. In: Proceedings of
the Workshops at the 27th AAAI Conference on
Artificial Intelligence (AAAI 2013). Volume 1415;
14-18 July 2013, Bellevue, Washington, DC, USA.
2013
[8] Evans S, Frank AO, Neophytou C, De Souza L:
Older adults' use of, and satisfaction with, electric
powered indoor/outdoor wheelchairs. Age Ageing.
2007;36(4):431-435. DOI: 10.1093/ageing/afm034
[9] Evans S, Neophytou C, De Souza L, Frank AO:
Young people's experiences using electric powered
indoor-outdoor wheelchairs (EPIOCs): Potential for
enhancing users' development? Disability &
Rehabilitation.
2007;29(16):1281-1294.
DOI:
10.1080/09638280600964406
[10] Frank AO, Ward J, Orwell NJ, McCullagh C, Belcher
M: Introduction of a new NHS electric-powered
indoor/outdoor chair (EPIOC) service: benefits,
risks and implications for prescribers. Clinical
Rehabilitation.
2000;14(6):665-673.
DOI:
10.1191/0269215500cr376oa
[11] Simpson RC: Smart wheelchairs: A literature
review. Journal of rehabilitation research & devel‐
opment.
2005;42(4).
DOI:
10.1682/JRRD.
2004.08.0101
[12] Faria BM, Reis LP, Lau N: A Survey on Intelligent
Wheelchair Prototypes and Simulators. In: New
Perspectives in Information Systems and Technol‐
ogies. Volume 1: Springer; 2014. p. 545-557. DOI:
10.1007/978-3-319-05951-8_52
[13] Bourhis G, Sahnoun M. Assisted control mode for a
smart wheelchair. In: Proceedings of the 10th
International Conference on Rehabilitation Robot‐
ics, (ICORR); 13-15 June 2007; Noordwijk. IEEE;
2007. pp. 158-163.

Michael Gillham and Gareth Howells:
A Dynamic Localized Adjustable Force Field Method for Real-time Assistive Non-holonomic Mobile Robotics

17

[14] Garcia JC, Marron M, Ureña J, Gualda D. Intelligent
Wheelchairs: Filling the Gap between Labs and
People. In: Assistive Technology: From Research to
Practice (AAATE 2013). Volume 33: IOS Press; 2013.
pp. 202-209.
[15] Parikh SP, Grassi V, Kumar V, Okamoto J. Incorpo‐
rating user inputs in motion planning for a smart
wheelchair. In: Proceedings of the IEEE Internation‐
al Conference on Applications Robotics and
Automation (ICRA'04). Volume 5; April 26-May 1
2004; IEEE; 2004. pp. 2043-2048
[16] Zeng Q, Teo CL, Rebsamen B, Burdet E. A collabo‐
rative wheelchair system. In: IEEE Transactions on
Neural Systems and Rehabilitation Engineering.
2008;16(2):161-170.
DOI:
10.1109/TNSRE.
2008.917288
[17] Montesano L, Díaz M, Bhaskar S, Minguez J.
Towards an intelligent wheelchair system for users
with cerebral palsy. In: IEEE Transactions on Neural
Systems and Rehabilitation Engineering. 2010;18(2):
193-202. DOI: 10.1109/TNSRE.2009.2039592
[18] Braga RA, Petry M, Reis LP, Moreira AP: Intell‐
Wheels: modular development platform for
intelligent wheelchairs. Journal of Rehabilitation
Research & Development (JRRD) 2011;48(9):
1061-1076. DOI: 10.1682/JRRD.2010.08.0139
[19] Carlson T, Demiris Y. Collaborative control in
human wheelchair interaction reduces the need for
dexterity in precise manoeuvres. In: Proceedings of
Robotic Helpers: User Interaction, Interfaces and
Companions in Assistive and Therapy Robotics, a
Workshop at ACM/IEEE HRI 2008, no. EPFLCONF-150460. University of Hertfordshire 2008
ACM/IEEE HRI-08 Workshop on Robotic Helpers;
2008. pp. 59-66.
[20] Carlson T, Demiris Y. Human-wheelchair collabo‐
ration through prediction of intention and adaptive
assistance. In: Proceedings of the IEEE International
Conference on Robotics and Automation (ICRA);
19-23 May 2008. IEEE; 2008. pp. 3926-3931
[21] Carlson T, Demiris Y. Increasing robotic wheelchair
safety with collaborative control: Evidence from
secondary task experiments. In: Proceedings of the
IEEE International Conference on Robotics and
Automation (ICRA); 3-7 May 2010. IEEE; 2010. pp.
5582-5587
[22] Pruski A, Bourhis G. The VAHM project: a cooper‐
ation between an autonomous mobile platform and
a disabled person. In: Proceedings of the IEEE
International Conference on Robotics and Automa‐
tion. Volume 1; 12-14 May 1992; Nice. IEEE; 1992.
pp. 268-273
[23] Yanco HA, Hazel A, Peacock A, Smith S, Winter‐
mute H. Initial report on Wheelesley: a robotic
wheelchair system. In: Proceedings of the Work‐
shop on Developing AI Applications for the
18

Int J Adv Robot Syst, 2015, 12:147 | doi: 10.5772/61190

Disabled: held at the International Joint Conference
on Artificial Intelligence, Montreal, Canada; August
1995.
[24] Soh H, Demiris Y. Towards early mobility inde‐
pendence: an intelligent paediatric wheelchair with
case studies. In: The IEEE/RSJ International Confer‐
ence on Intelligent Robots and Systems. Workshop
on Progress, Challenges and Future Perspectives in
Navigation and Manipulation Assistance for
Robotic Wheelchairs; October 12th 2012; Portugal.
pp. 1-7
[25] Borenstein J, Koren Y. The vector field histogramfast obstacle avoidance for mobile robots. In: The
IEEE Transactions on Robotics and Automation.
1991;7(3):278-288. DOI: 10.1109/70.88137
[26] Fox D, Burgard W, Thrun S. The dynamic window
approach to collision avoidance. IEEE Robotics &
Automation Magazine. 1997;4(1):23-33.
[27] Inigo-Blasco P, Diaz-del-Rio F, Vicente Diaz S,
Cagigas Muniz D. The Shared Control Dynamic
Window Approach for Non-Holonomic SemiAutonomous Robots. In: Proceedings of ISR/
Robotik 2014; 41st International Symposium on
Robotics; 2-3 June 2014; Munich, Germany. VDE;
2014. pp. 1-6
[28] Hogan N, Andrews J. Impedance Control as a
Framework for Implementing Obstacle Avoidance
in a Manipulator. Control of Manufacturing
Processes and Robotic Systems: Presented at the
Winter Annual Meeting of the American Society of
Mechanical Engineers, Boston, Massachusetts;
November 13-18 1983; Control of Manufacturing
Processes and Robotic Systems; 1983. pp.243 -251
[29] Khatib O: Real-Time Obstacle Avoidance for
Manipulators and Mobile Robots. The International
Journal of Robotics Research. 1986;5(1):90-98. DOI:
10.1177/027836498600500106
[30] Castañeda MAP, Savage J, Hernández A, Cosío FA.
Local Autonomous Robot Navigation Using
Potential Fields. In: Xing-Jian Jing, editor. Motion
Planning. InTech; 2008. 598 p. DOI: 10.5772/6022
[31] Mazo M. An integral system for assisted mobility.
IEEE Robotics and Automation Magazine 2001;8(1):
46-56. DOI: 10.1109/100.924361
[32] Ozcelikors M, Coskun A, Say MG, Yazici A, Yayan
U, Akcakoca M. Kinect based Intelligent Wheelchair
navigation with potential fields. In: IEEE Interna‐
tional Symposium on Innovations in Intelligent
Systems and Applications (INISTA); 23-25 June
2014; Alberobello. IEEE; 2014. pp. 330 - 337
[33] Gerdes JC, Rossetter EJ: A Unified Approach to
Driver Assistance Systems Based on Artificial
Potential Fields. Journal of Dynamic Systems,
Measurement, and Control. 1999,12;123(3):431-438.
DOI: 10.1115/1.1386788

[34] Urdiales C, Peula JM, Fdez-Carmona M, Barrué C,
Pérez EJ, Sánchez-Tato I, et al: A new multi-criteria
optimization strategy for shared control in wheel‐
chair assisted navigation. Autonomous Robots
2011;30(2):179-197. DOI: 10.1007/s10514-010-9211-2
[35] Moravec HP, Elfes A. High resolution maps from
wide angle sonar. In: The IEEE International
Conference on Robotics and Automation; March
1985. IEEE; 1985. pp. 116-121
[36] Guldner J, Utkin VI, Hashimoto H: Robot obstacle
avoidance in n-dimensional space using planar
harmonic artificial potential fields. Journal of
dynamic systems, measurement, and control
1997;119(2):160-166. DOI: 10.1115/1.2801228
[37] Koren Y, Borenstein J. Potential field methods and
their inherent limitations for mobile robot naviga‐
tion. In: The IEEE International Conference on
Robotics and Automation. Volume 2; 09-11 April
1991; Sacramento, California. IEEE; 1991. pp.
1398-1404
[38] Walker RD, Anderson SB, Belta CA, Dupont PE. INHAPTICS: Interactive navigation using haptics. In:
The IEEE Haptics Symposium; 25-26 March 2010;
Waltham, Massachusetts. IEEE; 2010. pp. 463-466
[39] Gillham M, McElroy B, Howells G, Kelly S, Spur‐
geon S, Pepper M. Weightless Neural System
Employing Simple Sensor Data for Efficient RealTime Round-Corner, Junction and Doorway
Detection for Autonomous System Path Planning in
Smart Robotic Assisted Healthcare Wheelchairs. In:
The Third International IEEE conference on Emerg‐
ing Security Technologies (EST); 5-7 September
2012; Lisbon. IEEE; 2012. pp. 161-164
[40] Gillham M, Howells G, Spurgeon S, Kelly S, Pepper
M. Real-time Doorway Detection and Alignment
Determination for Improved Trajectory Generation
in Assistive Mobile Robotic Wheelchairs. In: The
Fourth International IEEE conference on Emerging
Security Technologies (EST); 9-11 September 2013;
Cambridge. IEEE; 2013. pp. 62-65
[41] De Luca A, Oriolo G, Samson C: Feedback control
of a non-holonomic car-like robot. Robot motion
planning and control: Springer; 1998. p. 171-253.
DOI: 10.1007/BFb0036073
[42] Guerra PN, Alsina PJ, Medeiros AA, Araújo AP.
Linear Modelling and Identification of a Mobile
Robot with Differential Drive. International Con‐
ference on Informatics in Control Automation and
Robotics (ICINCO); 25-28 August 2004; Setubal,
Portugal (2), pp. 263-269
[43] Muir PF, Neuman CP: Kinematic modeling of
wheeled mobile robots. Journal of Robotic Systems
1987;4(2):281-340. DOI: 10.1002/rob.4620040209

[44] Cook G. Mobile robots: navigation, control and
remote sensing. : John Wiley & Sons; 2011. DOI:
10.1002/9781118026403
[45] Zhao Y, BeMent SL. Kinematics, dynamics and
control of wheeled mobile robots. In: The IEEE
International Conference on Robotics and Automa‐
tion. Volume 1; 12-14 May 1992; Nice, France. IEEE;
1992. pp. 91-96
[46] Braitenberg V. Vehicles: Experiments in synthetic
psychology. MIT press; 1986.
[47] Nolfi S, Floreano D. Evolutionary robotics: The
biology, intelligence, and technology of selforganizing machines. MIT press; 2000.
[48] Soukieh R, Shames I, Fidan B. Obstacle avoidance
of non-holonomic unicycle robots based on fluid
mechanical modeling. In: The IEEE Proceedings of
European Control Conference (ECC); 23-26 Aug.
2009; Budapest, Hungary. IEEE; 2009. pp. 3269-3274
[49] Ren J, McIsaac KA, Patel RV, Peters TM. A potential
field model using generalized sigmoid functions.
IEEE Transactions on Systems, Man, and Cybernet‐
ics, Part B: Cybernetics, 2007;37(2):477-484. DOI:
10.1109/TSMCB.2006.883866
[50] Yanco H. Evaluating the performance of assistive
robotic systems. In Proceedings of the Workshop on
Performance Metrics for Intelligent Systems;
August 2002; Gaithersburg, Maryland, USA. NIST
special publication SP 2002:21-25; 2002.
[51] Urdiales C, Peula JM, Cortés U, Barrué C, Fernán‐
dez-Espejo B, Annichiaricco R, et al. A metrics
review for performance evaluation on assisted
wheelchair navigation. Bio-inspired systems:
computational and ambient intelligence. Volume
5517: Springer; 2009. p. 1145-1152.
[52] Hart SG, Staveland LE. Development of NASA-TLX
(Task Load Index): Results of empirical and theo‐
retical research. Advances in Psychology. Volume
52.
1988;
52:139-183.
DOI:
10.1016/
S0166-4115(08)62386-9
[53] Hart SG. NASA-task load index (NASA-TLX); 20
years later. In: Proceedings of the human factors and
ergonomics society annual meeting. Volume 50;
October 2006; No. 9, pp. 904-908. Sage Publications;
2006.
[54] Ferrer B, Kokosy A, Capron J, Pepper M, Henderson
M, Kelly S, Gillham M. Système universel à bas coût
d'aide à la conduite d'un fauteuil roulant électrique.
In: HANDICAP'2014; June 2014; Paris, France.

Michael Gillham and Gareth Howells:
A Dynamic Localized Adjustable Force Field Method for Real-time Assistive Non-holonomic Mobile Robotics

19

Appendix

18

20

Int J Adv Robot Syst, 2015, 12:147 | doi: 10.5772/61190

19

Michael Gillham and Gareth Howells:
A Dynamic Localized Adjustable Force Field Method for Real-time Assistive Non-holonomic Mobile Robotics

21

