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ABSTRACT

Electric wheelchair users depend on a reliable power system
in order to regain mobility in their daily lives. If a wheelchair’s
battery power depletes without the user being aware, the indi-
vidual may become stranded, further limiting their freedom of
mobility and potentially placing the user in a harmful situation.
This research seeks to develop a State-of-Charge (SOC) estima-
tor for the batteries of an electric wheelchair. A second-order
equivalent circuit battery model is developed and parameterized
for a wheelchair’s lead-acid battery pack. To simplify the SOC
estimation, this algorithm models a vehicle’s fuel gauge. A
coulomb accumulator is incorporated to estimate energy usage
in the non-linear region of the OCV-SOC curve, while a Kalman
filter is used to estimate SOC in the linear region of the curve.
The estimator is verified using experimentally collected data
on-board a robotic wheelchair. The implementation of these
algorithms with powered wheelchairs can significantly improve
the estimation of wheelchair battery power and can ultimately be
coupled with warning systems to alert users of depleting battery
life, as well as enable low-power modes to increase wheelchair
user safety.

1 INTRODUCTION

Significant research has been conducted in the area of intel-
ligent electric wheelchairs since the 1980s [1]. Notably absent
from the literature is a large body of research aimed at power
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wheelchair energy estimation and electric range. Exceptions in-
clude the research conducted by Cooper, et al., to determine
the driving habits of electric wheelchair users. Their research
showed that average powered-wheelchair users may travel less
than eight km per day [2]. However, this work did not include
information regarding the electric range or number of recharges
for a given day; only estimates based upon a user’s daily driving
habits were presented. In a follow-up paper, Cooper, et al. es-
timates the electric range of multiple wheelchairs; however, no
general consensus is presented and as the ranges vary from 23.6
km to 57.7 km [3].

There has also been some investigation into methods to es-
timate energy usage of assistive technologies, the most widely
cited of which may arguably be the work of Aylor, et al.. Aylor,
et al. designed a simple approach to estimate the State-of-Charge
(SOC) of a battery by measuring the open circuit voltage (OCV)
of a wheelchair’s battery [4]. At the time the work was the pub-
lished in the early 1990s, their estimator yielded results compara-
ble to industrial battery fuel gauges for level surfaces. However,
on sloped surfaces this technique lost some of its initially de-
termined accuracy. The methods developed by Aylor, et al., are
presently the most widely cited methods in electric wheelchair
battery SOC estimation and are very feasible for implementation
on an electric wheelchair.

Since the 1990s, others have established different means of
estimating wheelchair energy usage. For example, Chen, et al.,
developed a system to estimate the remaining SOC and electric
range on a wheelchair battery using fuzzy logic and neural net-
works [5]. Their results indicated that these methods are feasi-
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ble on electric wheelchairs; however, these methods are atypical
in the area of battery research, which typically prefer a model-
based approach for energy estimation. Further, Chen, et al.,
used a lithium ion battery as their energy source, whereas most
wheelchairs use lead acid batteries.

In recent years, additional methods of extending battery
capacity in wheelchairs have been presented. Bouquain, et
al., demonstrated a method to extend the range of an electric
wheelchair by using a hydrogen fuel cell and a DC-to-DC con-
verter to provide constant power to a wheelchair with slowly
changing dynamics (e.g. constant velocity, straight line motion)
[6]. As the dynamics increase (e.g. sudden turns), a lead acid bat-
tery will source power to the wheelchair while the fuel cell builds
up the desired power. Yang, ef al., presented a different hybrid
hydrogen fuel cell and battery wheelchair power supply [7]. The
authors proposed a system where a primary battery is sourcing
power to the wheelchair’s drive-train while a secondary battery is
either idling or being recharged by the hydrogen fuel cell. When
the primary battery’s voltage decreases below a particular cutoff
voltage, the battery packs switch roles, such that the secondary
battery sources current to the drive-train while the primary bat-
tery pack is recharged by the hydrogen fuel cell. Some of the
methods presented in the aforementioned works are not com-
monly used in battery estimation and may prove to be difficult
to implement on commercially available electric wheelchairs.

The purpose of this paper is to expand upon and modernize
existing wheelchair energy estimation research and improve the
safety of electric wheelchair operation by providing users with a
more accurate estimate of the state of charge remaining on their
battery pack. First, Section 2 describes the model developed to
estimate the battery’s State-of-Charge. In Section 3, the meth-
ods used to identify the battery pack’s parameters are presented.
Section 4 presents the robotic wheelchair platform and discusses
experimental design. Next, Section 5 discusses the results ob-
tained. Finally, in Section 6, the contributions of this work and
future work are discussed.

2 METHODOLOGY

This section will provide an overview of the methods used
to estimate the wheelchair’s battery pack’s SOC. First, the fuel
gauge model will be presented. Then, the battery’s equivalent
circuit model will be discussed. Finally, the coulomb counter
and Kalman filter used by the fuel model for SOC estimation
will be described

2.1 The Fuel Gauge Model

Consider the functionality of an automotive fuel gauge. A
vehicle’s fuel gauge remains at full for a long time after the tank
has been filled with gasoline. This phenomenon occurs to com-
pensate for the non-linearities that are present when measuring
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FIGURE 1: In the fuel gauge model, coulomb counting will be
implemented in the non-linear regions for SOC estimation, while
a Kalman filter will be used in the linear region.

fluid volume in a full container, as discussed in [8]. After a given
threshold is reached, the fuel measurements begin to decrease
with a direct relation to remaining fuel volume. Lastly, once a
second threshold is reached, the fuel gauge will display empty
even if some fuel remains in the fuel tank. This phenomenon oc-
curs to account for consumers who prefer to drive their vehicle
with little fuel remaining and to account for the non-linearities
associated with measuring fluid volume when the tank is nearly
empty.

The fuel gauge model presented is analogous to the method
used in this work to estimate the wheelchair lead acid battery
pack’s SOC. In the fuel gauge model, a coulomb counter esti-
mates the SOC of the battery pack in the two non-linear regions
of the battery pack, defined here as 0% to 10% SOC and 90%
to 100% SOC. The idea of estimating SOC in this manner is
not novel; Codeca et al. presented a similar method piece-wise
method [9]. In the linear region of the battery pack, a Kalman
filter predicts the SOC using the model presented in Section 2.2.
A diagram presenting this method in further detail is depicted
in Figure 1. Thus, like an automotive fuel gauge, the proposed
wheelchair fuel gauge is intentionally changing estimator behav-
ior in the extreme ends of the curves describing the remaining
capacity.

2.2 The Battery Model

A second order equivalent-circuit model was selected to
model the wheelchair’s battery pack and is illustrated in Fig. 2.
The model is based on the work presented by Plett and Coleman,
etal [10-12].

Applying Kirchoff’s voltage laws to the second-order equiv-
alent circuit battery model, the voltage across the battery pack’s
terminals can be expressed as
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FIGURE 2: The second-order, equivalent-circuit battery model.

Vioap = Vocv — R (t) — Ver 9]

where I(¢) represents the current flowing from the battery pack
to the wheelchair system, V7 represents the voltage across the
battery’s resistor-capacitor (RC) network, and Vpcy is a function
of the battery’s SOC, as shown in the relationships presented by
Egs. (2) and (3):

Vocy (SOC) = SOC - o+ )
l t

SOC=1-— [ I(t)dt 3)
0 Jry

where o is a constant parameter relating SOC to voltage and
represents the cutoff voltage of the battery pack. The battery
cutoff voltage can be found in the battery’s data sheet or user-
selected to vary model performance. A user may choose a value
for p lower than the manufacturer specification if they would like
to further discharge their battery pack or a higher-than-specified
value to extend the pack’s overall lifetime. A higher order model
was not selected in order to maintain model simplicity. Fur-
thermore, some literature indicates that higher and infinite-order
models are not only computationally impractical, but yield neg-
ligible improvements in SOC estimation [13]. It has also been
shown that a second-order model, such as the one presented, is
generally sufficient for accurate estimator performance [12].

To practically implement the model presented by Egs. (1) -
(3), these functions are transformed into state space representa-
tion. The model’s state vector is presented in Eq. (4), the model’s
inputs are presented in Eq. (5), and the model’s output is pre-
sented in Eq. (6).

_( Ver
= <SOC> @

u(t) = (’ﬁ)) 5)

¥(t) =Vioap (6)

The form of the continuous-time state space representation
of the model is presented in Egs. (7) and (8):

X =Ax+Bu(t)+w, w~A(0,0) @)

y=Cx+Du(t)+v, v~ A(0,R) (8)

where Q represents the variance associated with the process noise
and R represents the variance associated with the measurement
noise. The system dynamics are explicitly given in Egs. (9) and
(10):

1 1
¥ = <_8CT 8) x+ (_Cégl g) ult)+w (&)

y(t) = (—l Oc)x—|— (—Rim l) u(t)+v (10)

where Tcr represents the RC time constant, Ccr represents the
RC pair’s capacitance, and R;,, represents the battery pack’s in-
ternal resistance.

The system model presented in Egs. (7) - (10) is descritized
using a zero-order hold.

2.3 The Coulomb Counter

To estimate the battery pack’s SOC in the non-linear regions
of the OCV-SOC curve, a coulomb counter is implemented, as
shown in Eq. (3). A coulomb counter is only used to estimate the
non-linear regions of the OCV-SOC curve in order to simplify the
overall estimation algorithm. This method is not used to estimate
SOC for the entirety of the OSC-SOC curve because the accumu-
lator does not account for battery dynamics and it, alone, cannot
compensate for model drift as the battery pack ages [11, 14].
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2.4 The Kalman Filter

In the linear region of the OCV-SOC curve (10% <
SOC < 90%), a linear Kalman Filter is used to estimate the
SOC as described by [15]. The prediction equations are given
by Eqgs. (11) and (12) and the measurement update equations are
given by Eqgs. (13) - (16):

Rijk—1 =A% 11 + Bug— (11)
Py = APy AT + 0 (12)
Ky = PpC" (CPys— C" +R)™! (13)
Vi = Yk — (Cxpp—1 + Du(k)) (14)
Lk = Rafe—1 + KiVk (15)

P = (I — KiC) Pejg—1 (16)

where P represents the covariance matrix and K represents the
Kalman gain.

Given the battery model, pack voltage, and current mea-
surements, the Kalman filter is able to predict the SOC estimate
and compensate for un-modeled battery dynamics and system
noise [11,16].

3 MODEL IDENTIFICATION

The battery model and estimation scheme have been pre-
sented, but their parameters have not yet been identified. The bat-
tery’s capacity, as well as the parameters ¢ and y are found from
the battery pack’s OCV-SOC curve. To find this OCV curve,
the battery pack is fully charged and then is discharged at a rate
of 1A until the pack’s cutoff voltage, as listed in the data sheet,
is reached. During the battery’s discharge, a DAQ system sam-
ples the pack voltage. This procedure is performed three times.
The resulting OCV-SOC curves for the lead acid battery pack are
presented in Fig. 3. To determine the capacity parameter, Qg, the
constant current for each test is integrated with respect to time
over the duration of the complete discharge and the three result-
ing values are averaged. This value is given in Table 1.
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FIGURE 3: The OCV-SOC curve of the lead acid battery pack.
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FIGURE 4: The linear regions of the three OCV-SOC discharge
tests and the average of the three curves.

To identify the parameters « and , a linear regression is
performed on the linear region of each OCV-SOC curve. The
resulting parameters are then averaged. Fig. 4 presents the lin-
ear regions of the OCV-SOC curves and mean curve; Table 1
presents the values for o and u.

To identify Tcr, Riy, Ccr, a pulse test is performed. The
current profile designed to perform this test is influenced by the
US Department of Energy’s FreedomCAR Battery Test Manual
and the works of Plett and Coleman et al. [10, 17, 18]. To per-
form this pulse test, the battery pack is charged completely and
allowed to rest. Then, the battery pack is discharged by 20%
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TABLE 1: Battery model parameters derived from the linear re-

gion of the OCV-SOC curve.
Parameter Value
o 2.15V/SOC
u 2377V
Qo 1.11E+05 Coulombs

TABLE 2: This table presents the battery model parameters de-

rived from the least squares regression.

Parameter Value
TcT 305.77 s
Rins 0.108 Q
Cer 11994 F

26 T
255 l |/ -
SN ) —
: | -
Qs L L R
35 y p
S ub N J
235 \ \
23 1 b L
0 05 1 15 2 25
Time(s) %104
15
0F —
<
S
olb— _ i
-5 L
0 05 1 15 2 25
Time (s) 10*

FIGURE 5: The measured voltage (top) and current (bottom)
from the current pulse test.

SOC to ensure it has entered the linear region and allowed to rest
once more. Next, using a programmable DC load, the battery is
discharged using a series of current pulses and the pack voltage
is sampled using a custom built DAQ. The DAQ system has a
16-bit resolution and samples the system at 80Hz. The current
profile used to discharge the battery pack, as well as the pack’s
response, is presented in Fig. 5.

Using the response presented in Fig. 5 and the model pre-
sented in Egs. (9) and (10), the parameters Tcr, Riy, Cer are
identified using least squares regression. The results of this
regression are shown in Table 2. A comparison between the
model’s response and the measured response is presented in
Fig. 6.

Finally, the Kalman filter’s process covariance matrix, Q,
and the sensor’s covariance matrix, R are defined. Since the
states, SOC and V¢r are not correlated, the two-by-two Q matrix
is assumed to be diagonal. The states are not correlated because
the potential measured across the capacitor is dependent on the
load and not the pack’s SOC; in other words, the capacitor volt-
age will not vary uniquely with SOC and vice-versa. The values
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FIGURE 6: This plot presents the fit of the battery model and
compares it to the measured battery pack response.

along the diagonal represent the covariances associated with each
state. The covariance for the SOC state is given by the mean error
between the values presented in Table 1 and the linear regions of
the OCV-SOC curve. The covariance for the V7 state represents
the error between the predicted and measured model shown in
Fig. 6. The R matrix is a one-by-one matrix defining the voltage
sensor’s noise characteristics. The values for both the Q and R
matrices were further adjusted using experimental data. Table 3
presents the covariances stored in the Q and R matrices.

4 EXPERIMENTATION

This section presents the robotic wheelchair used in testing
the estimation algorithm and discusses the methods used to eval-
uate the estimator’s performance

4.1 The Robotic Wheelchair
The robotic wheelchair, shown in Fig. 7, is a modified
Jazzy Pride 6 wheelchair by Pride Products Corp, USA. The
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TABLE 3: This table presents the O and R matrix values. The first
two terms are associated with the Q matrix and the final term is
associated with the R matrix.

Parameter Value
02oc 0.0011
oV, 3.356
02, 5.2365

FIGURE 7: The robotic wheelchair.

wheelchair has been retrofitted with a custom power distribution
system, a variety of sensors, and an onboard computing system.
Of particular importance to this research, is the custom DAQ sys-
tem able to monitor both the current leaving the battery pack and
the voltage across the battery pack. The current measurements
are gathered by a LEM CKSR-50-ND current transducer and the
voltage measurements are measured via a custom-built voltage
sensor. Both are sampled at 80Hz by a 16-bit analog-to-digital
converter. The onboard computer reads and saves the data from
the DAQ.

4.2 Experimental Design

The wheelchair is first completely charged and allowed to
rest. Then, the chair is turned on and the algorithm is initial-
ized; the Kalman Filter’s covariance matrix, P, is initialized as Q.
During experimentation, a user drives the wheelchair through a
pre-planned path consisting of the typical maneuvers an average
wheelchair user may perform in an office building. After navi-
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FIGURE 8: This plot presents the sum of the states and compares
it to the measured battery pack voltage in the linear region of the
OCV-SOC curve.

gating this path, the wheelchair is parked and again allowed to
rest. After rest, the path is traversed once more and this process
is repeated until the wheelchair’s SOC approaches 0% or until
the battery pack voltage falls below the predefined cutoff voltage
in order to prevent damage to the battery pack.

5 RESULTS

A comparison between the measured and estimated battery
pack voltage is shown in Fig. 8. Here, it can be observed that the
estimator states track the measured voltage with a mean error of
0.85%. This suggests that the dynamics used in the estimator are
fairly representative of the dynamics observed in the states. Sim-
ilar to the increased slope on the SOC curve, as the battery pack
undergoes a larger load, such as when the wheelchair is driven,
the battery pack voltage drops. The voltage estimate and mea-
surement for the final driving segment, approximated near 300
minutes, depicts when the cutoff voltage was met and when the
test subsequently ended. The test ended when the cutoff volt-
age was met to prevent damage to the battery pack since operat-
ing below the cutoff voltage can cause permanent damage to the
battery pack as discussed in the battery’s data sheet [19] and in
Section 4.2.

The SOC curve obtained during experimentation is pre-
sented in Fig. 9. The slope of the SOC curve remains constant
at 0.9 SOC when the Coulomb counter stops estimation and the
Kalman filter begins. The changes in slope in the SOC curve rep-
resent instances where the wheelchair transitions from a resting
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FIGURE 9: Robotic wheelchair SOC estimate.

state to driving state or vice-versa.

True SOC cannot be directly measured using the methods
presented, only an estimate of the pack’s SOC can be observed.
In smaller battery packs that require short durations to rest, the
resting open-circuit voltage can be inverted using an OCV-SOC
curve after applying a load to find an SOC value for compari-
son with the estimator’s result. However, when using lead acid
batteries sized for electric wheelchairs, the resting duration can
range from six hours to more than a day, making such an inver-
sion impractical.

The estimated output shown in Fig. 8 sufficiently tracks the
measured output, indicating that the modeled dynamics are rep-
resentative of the battery’s dynamics; therefore, the SOC pre-
sented in Fig. 9 is an accurate estimate of the pack’s SOC. Pre-
vious works by the author have shown this model’s functionality
in simulation [20].

6 CONCLUSIONS AND FUTURE WORK

This research sought to fill a gap in assistive technology lit-
erature in the area of energy prediction for electric wheelchairs.
This research may be beneficial to both electric wheelchair users
and researchers alike. Presently, wheelchair users rely on meth-
ods developed in the 1990’s to determine when they need to
recharge their battery pack. By implementing methods widely
used for SOC estimation in the electric vehicle and portable de-
vices industry, electric wheelchair users will be able to better
estimate their wheelchair’s battery range and make informed de-
cisions about when to recharge their batteries. Improved SOC

estimation will not only improve the battery pack life, but will
also help to prevent users from becoming stranded and unable to
drive to safety as a result of low SOC.

The sum of the states adequately tracked the measured bat-
tery pack voltage, thus indicating the estimator accurately mod-
els the battery pack’s dynamics. Since the estimated states track
the output sufficiently, the state dynamics are assumed to be ac-
curate as well and a SOC estimate is found and presented.

Researchers may use this work to develop better SOC es-
timators for electric wheelchairs or use this work to develop
energy-cognizant smart wheelchairs. Furthermore, this research
presents another means of estimating lead acid battery pack SOC.
While this estimator is implemented on an electric wheelchair,
these methods may be used elsewhere.

Smart electric wheelchairs pose a unique opportunity for
SOC estimation as they have long idle periods with a small cur-
rent draw and short periods of large current draw while driv-
ing. Developing an SOC estimation algorithm to account for this
unique duty cycle may pose an interesting area for expansion in
the area of SOC estimation as well. Other possible expansions
of this research include implementing estimation of remaining
range instead of remaining charge.
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