EUROPEAN JOURNAL OF PURE AND APPLIED MATHEMATICS
2025, Vol. 18, Issue 3, Article Number 6495
ISSN  1307-5543 — ejpam.com

Published by New York Business Global

Improving Wheelchair Mobility through Enhanced
Kalman Filtering

Wael Hosny Fouad Aly'*, Nino Samashvili’, Chadi Fouad Riman®
L College of Engineering and Technology, American University of the Middle East, Kuwait

Abstract. Electric wheelchairs are essential for individuals with lower motor disabilities, en-
abling daily mobility typically via joystick control. However, users with cerebral palsy often
struggle with accurate joystick maneuvering due to motor impairments. This paper proposes
a novel control strategy, Enhanced Kalman Filter-based Wheelchair Control (EKFWC), which
compensates for these deficiencies using a Kalman Filter-based estimation model grounded in
state-space representations. The system continuously estimates and corrects wheelchair velocity
by filtering noisy sensor data and adjusting joystick commands in real time, aligning motion
with optimal speeds for varying terrain stored in a reference table. EKFWC’s performance is
benchmarked against a hybrid sensor fusion model, REFgkgrpr, which combines an Extended
Kalman Filter and a Modified Particle Filter. Simulation results show that EKFWC yields
lower mean absolute error (MAE) and percentage estimation error compared to both EKF and
REFgkppr. Additionally, EKFWC significantly reduces navigation time: on smooth indoor sur-
faces, it completes a point-to-point traversal in 71 sec compared to 100 sec for REFgkppr; on
uneven and very rough outdoor terrains, EKFWC achieves traversal times of 87 sec and 95 sec,
respectively. These improvements stem from EKFWC’s ability to maintain smoother trajectories
with minimal deviation and prompt response to terrain variations, avoiding the zigzagging, wide
turns, and hesitations observed in the reference model. Overall, EKFWC demonstrates robust
real-time adaptability and enhanced path efficiency across diverse environments.
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1. Introduction

In recent decades, there has been remarkable progress in the development and appli-
cation of emerging technologies. Among these, robotics has gained a significant presence
across various domains, including industry, logistics, mobility, and healthcare. Robots
are increasingly capable of assisting humans or replicating human actions in a wide range
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of environments. In particular, robotic assistive devices and mobile robotics—such as
smart wheelchairs—offer great potential to enhance the autonomy and daily living of
individuals with disabilities and the elderly. A key advancement in this field is the local-
ization of robotic wheelchairs using specialized multi-sensor filters. This sophisticated
technique leverages multiple sensors to collect environmental data and applies filtering
mechanisms—such as particle filters—to accurately estimate the wheelchair’s position
within its surroundings. Operating a conventional powered wheelchair can pose substan-
tial challenges for individuals with motor impairments, often making the task difficult or
even hazardous. In response, recent research has focused on the development of smart
and autonomous wheelchairs capable of compensating for cognitive and perceptual lim-
itations by anticipating obstacles and navigating safely. Notable projects from the past
decade include HandiViz [1], Sysiass [2], Coalas [3], NavChair [4], and the EU-funded
FP7 Radhar [5].

Recent advancements in estimation, adaptive control, and intelligent decision-making
have inspired robust approaches for real-time systems operating in uncertain environ-
ments. In assistive technologies, probabilistic modeling has proven effective for handling
noisy physiological signals. Safi et al. [6] applied a Hidden Markov Model to balance
data from Parkinson’s patients, emphasizing the value of model-based estimation for
user state prediction—an approach conceptually aligned with our Kalman filter-based
correction model. In a similar vein, Kanj et al. [7] and Kanj et al. [8] introduced dy-
namic, agent-based risk models for transportation, demonstrating the effectiveness of
distributed, state-aware simulation in high-risk control environments. Trust and fair-
ness in task distribution under uncertainty have also been studied in multi-provider
systems. Al-Tarawneh et al. [9] proposed an MCDM framework for trust-aware task of-
floading in heterogeneous edge-fog-cloud networks, showcasing adaptive strategies that
are analogous to our real-time terrain-dependent velocity adjustments. In the domain of
networked systems, Aly et al. [10] developed an unbound machine learning architecture
for SDN controllers, while Aly et al. [11] introduced dynamic feedback mechanisms for
optimal controller placement—both aligning with our use of feedback correction loops
for joystick input filtering. Spatial optimization under constraints, a principle vital to
efficient navigation, was explored by Danach et al. [12], who proposed UAV-based ser-
vice placement strategies during crisis conditions. Their terrain-aware spatial modeling
complements our use of a reference table for terrain-specific speed adaptation. Addition-
ally, low-latency and low-complexity algorithmic design has been emphasized in wireless
systems by Alabed et al. [13], where a differential scheme using space-time block cod-
ing was introduced to minimize decoding overhead—an optimization trade-off relevant
to embedded wheelchair control systems. Complementing these efforts, data-driven ap-
proaches for semantic inference and classification have been advanced by Al-Tarawneh
et al. [14], who utilized word embeddings in a hybrid learning model for fake news de-
tection, emphasizing real-time signal interpretation. Mahariq et al. [15] applied spectral
element methods to study acoustojets, highlighting the growing use of physics-inspired,
mesh-based numerical modeling, which supports the adoption of state-space modeling
techniques in control applications like our proposed EKFWC framework.
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Each project has contributed uniquely to the advancement of smart wheelchair tech-
nologies. For instance, the Sysiass project employed EMG and camera sensors; however,
its obstacle detection and stopping mechanisms lacked sufficient precision unless the
wheelchair was perfectly aligned. HandiViz addressed this by integrating 15 ultrasonic
sensors around the wheelchair, enabling real-time trajectory correction through an inno-
vative obstacle avoidance and control system that merged user input with autonomous
navigation. Meanwhile, NavChair utilized GPS, compass, and ultrasonic sensors, but
faced limitations in map tracking and localization accuracy due to the imprecision of
its calculations. Errors in determining the robot’s position and orientation remained
significant challenges.

The rest of this paper is organized as follows: Section 2 provides a literature review
with a reference model used for comparison with our proposed model. Section 3 has
the reference model. Section 4 details the proposed controller’s model, including the
mathematical framework and overall system design. Section 5 presents the simulation
testbed and results. Section 6 concludes the paper and discusses the future work.

2. Literature Review

The literature reflects extensive efforts toward designing the next generation of in-
telligent wheelchairs [16]. From a technological standpoint, research has incorporated a
variety of assistive tools—such as ultrasound, laser range finders, and vision-based sen-
sors—along with sophisticated algorithms for data processing. Today, the topic occupies
a central role in mobile robotics, integrating advancements in artificial intelligence, user
interaction, human learning, localization, multi-modal sensors, and adaptive systems
tailored to users’ specific abilities and limitations [5].

Despite promising developments, significant scientific challenges persist, especially
in effectively integrating diverse technological components [17-19]. Localization and
navigation remain among the most critical issues in the development of smart mobile
robots [20, 21]. A core challenge lies in achieving robust data fusion from various sensors
and devices through reliable computational methods, enabling accurate self-localization
and intuitive interaction with users under both autonomous and semi-autonomous modes
[22, 23]. High precision and reliability are particularly vital for user safety in smart
wheelchair localization systems, especially within indoor environments such as homes,
hospitals, and commercial centers [24].

Indoor localization is complicated by structural variability and dynamic obstacles,
making accurate positioning essential to prevent collisions and support smooth naviga-
tion [25, 26]. Even minor localization errors can compromise user safety. Furthermore,
wheelchairs operating outdoors must contend with added complexities such as uneven
terrain, environmental interference, and variable weather conditions [16, 17]. These
factors necessitate advanced adaptive localization systems [27].

Localization is a cornerstone for achieving full autonomy in mobile robotics. Gasparri
et al. [28] proposed a global localization strategy that combines particle filtering with
extended Kalman filters. Their hybrid approach begins with a particle filter generating
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Figure 1: Smart Wheelchair Localization Navigation

pose hypotheses under stationary conditions, followed by planned motion to reduce un-
certainty. Parallel EKF's then validate these hypotheses without relying on feature-based
landmarks, allowing for a more flexible environmental model. Another hybrid strategy
involves wireless sensor networks (WSNs), as demonstrated by Achroufene et al. [29].
Their method incorporates belief function theory to address imperfections in received
signal strength (RSS) measurements and the credibility of data sources. It also models
signal disparities caused by intrusion and attenuation, which are common challenges in
indoor environments.

The Extended Kalman Filter (EKF) remains a widely used algorithm for estimat-
ing nonlinear systems, prized for its simplicity, computational efficiency, and generally
reliable results. In a hybrid approach known as the Extended Kalman Particle Filter
(EKPF), particles are sampled from the probability distribution function generated by
EKF rather than from the system’s transition model [30]. This method combines the
strengths of EKF (rapid initial estimation) and particle filters (robustness to nonlinearity
and non-Gaussian noise). The specific design of such hybrid algorithms depends on ap-
plication needs and system characteristics. These approaches are particularly attractive
due to their low cost and effectiveness, requiring fewer external sensors or infrastructure
such as beacons. Regression techniques are used [11, 31, 32].

The present work addresses localization and navigation challenges in smart wheelchairs
through a Hybrid Filter (HF)-based multi-sensor data fusion framework. The proposed
method seeks to reduce estimation errors and enhance system accuracy in indoor envi-
ronments. The performance and practical applicability of the approach are demonstrated
through simulations, with the results benchmarked against existing methods in the lit-
erature as shown. Smart Wheelchair Localization Navigation is shown in Figure 1.

The KalmanFilter(KF) is widely recognized as a robust and efficient algorithm
for data fusion and filtering, with extensive applications across numerous research do-
mains, particularly in mobile robotics [33-35]. By design, the classical KF is suitable for
systems characterized by linear dynamics. However, many real-world robotic systems
involve nonlinearities in either the process model, the measurement model, or both.
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Figure 2: Components of the Extended Kalman Filter

To accommodate such complexities, the Eztended KalmanFilter(EKF') is employed,
incorporating a linearization step to approximate the nonlinear system behavior [35].
This is typically achieved through a first-order Taylor series expansion, which allows the
nonlinear functions to be treated within a linear framework. The EKF' is capable of
providing accurate state estimates from noisy measurements, under the assumption that
the measurement noise is Gaussian, zero-mean, temporally uncorrelated, and of known
variance. A conceptual overview of the localization approach using EKF is illustrated
in Figure 2.

3. REFrxrpr Reference Model

In this work, we adopt the model proposed by Meddeber et al. [36] as the reference
framework for evaluating our proposed system. This reference model will be denoted as
REFpgrpr throughout this article.

The REFpgrppr model is designed to support intelligent wheelchair navigation
through the implementation of a multi-sensor data fusion mechanism based on a hy-
brid filtering (HF) strategy. Specifically, REFpxrpr integrates the strengths of the
Extended Kalman Filter (EKF) and the Particle Filter (PF) to address the challenges
associated with nonlinear system dynamics and sensor uncertainty. The hybrid approach
aims to reduce estimation errors and improve the accuracy of dynamic localization,
particularly in structured indoor environments. The system leverages odometry and
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laser rangefinder data to estimate the wheelchair’s position and orientation in real-time,
achieving enhanced tracking precision compared to traditional single-filter techniques.

Simulation results presented in the original study demonstrate that REFgkrpr
outperforms conventional EKF and standalone PF methods in terms of mean absolute
error (MAE) and percentage estimation error. The model provides a foundation for au-
tonomous navigation in assistive mobility devices, seeking to offer a reliable and efficient
localization solution tailored for individuals with reduced mobility. However, several
limitations are noted. The validation of the system is confined to simulation, with lim-
ited testing in real-world environments and no involvement of actual users. As a result,
the generalizability and practical usability of the model remain uncertain. Moreover, the
framework focuses primarily on low-level navigation tasks without incorporating user in-
teraction or adaptive control strategies. The reliance on a simplified two-wheel kinematic
model constrains the applicability to other wheelchair configurations, and the compu-
tational overhead introduced by advanced filters such as the Unscented Kalman Filter
(UKF) and Adaptive Kalman Filter (AKF) is not sufficiently addressed. Additionally,
the adaptive tuning mechanism for the AKF lacks a well-defined procedure for adjusting
noise parameters under dynamic conditions, which may affect real-time feasibility and
robustness.

4. FKFWC Proposed Model

The proposed model used in this work is based on Kalman filters. The Kalman
Filter is a recursive algorithm used for estimating the state of a dynamic system from
noisy measurements. It operates in two main steps: prediction and correction. In
the prediction step, it uses the system model to estimate the current state and the
uncertainty (error covariance). In the correction step, the Kalman Filter adjusts the
predicted state by incorporating new measurements and a calculated Kalman gain, which
determines how much weight should be given to the new measurements. This iterative
process reduces the error in state estimation over time, making it particularly effective
for systems with uncertainty and noise, such as navigation, robotics, and control systems.

4.1. Wheelchair System Identification

The power wheelchair utilizes batteries to control a direct drive system. The Wheelchair
joystick controller has a linear relationship between the force applied and the motor speed
or angular velocity. A force feedback joystick typically operates between 0 to 15 mNm
(milli-newton meters).

The following formulas convert joystick input values yinput (vertical joystick move-
ment) and Zinpy (horizontal joystick movement) into physical movement parameters T
(linear speed) and 6 (angular speed):

1= doet T (1)
g
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0 — W X Opaes (2)

where T and y are assumed to be equal to 7.5.

Table 1 shows the numerical relation between the joystick input and the speed of
a wheelchair, assuming that the maximum speed that the wheelchair can achieve is
Tmax = 60cm/s and the maximum turning angle is 0. = 30°, which is a reasonable
limit for wheelchair turning.

Table 1: Joystick input vs. speed and turning angle.

Joystick Input I Normalized Value ;@ Speed Output T (cm/s) Turning Angle Output 6 (°/s)

0 -1 -60 -30.0
2.5 -0.67 -40.2 -20.1
5 -0.33 -19.8 -9.9
7.5 0 0 0
10 0.33 19.8 9.9
12.5 0.67 40.2 20.1
15 1 60 30.0

Equations governing the wheelchair’s speed and angular velocity are given in equa-
tions 3 and 4 respectively.

wi = Ay wi—1 + By Uy, (3)

vy = Agvi_1 + B us. (4)

where v; and w; represent the speed and angular velocity at time ¢, respectively. Ag
and A, are the state coefficients affecting speed and angular velocity. By and B,, are
the control input coefficients for speed and angular velocity. us and u,, are the joystick
input values for speed and turning. In the current model, parameters such as As and
Qs are selected based on expected behavior of the wheelchair on various surface types.
Typical values of Ag are shown in Table 2. Typical values of Qg are shown in Table 3.

Choosing an appropriate value of A is important to improve the accuracy of speed
prediction in a Kalman filter model. Surfaces with lower resistance maintain speed better
between steps, resulting in higher A values. Qs represents the process noise covariance
and may be derived experimentally or estimated from manufacturer-provided motor
controller data. Higher ()5 values indicate less confidence in the model’s prediction due
to unstable surface behavior.(Thrun et al. [37], Iagnema et al. [38], Reister, D. B et al
[39], Barfoot, T. D. [40].)

In the state prediction step, we use the Kalman Filter prediction equation:

Xt = FX; 1+ BU, (5)
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Table 2: Typical A; Values and Descriptions for Different Surface Types

Surface Type Estimated A; Description

Indoor Smooth Floor (e.g., tiles, 0.95 - 0.99 Very low resistance; speed is
polished concrete) mostly maintained.

Outdoor Uneven Surface (e.g., 0.70 - 0.90 Moderate resistance; speed de-
pavement, grass, gravel) creases more between steps.
Very Rough Outdoor Surface 0.30 - 0.70 High resistance; speed reduces
(e.g., sand, rocky terrain) significantly each step.

Table 3: Typical Values of (s Based on Terrain Conditions

Surface Description Range of (J; Remarks

Indoor Smooth 0.01 - 0.1 Use small values if the system is relatively
stable and fluctuations are minimal.

Outdoor Uneven 0.1 -0.5 Moderate noise due to bumps, irregular
ground, or mixed surfaces.

Very Rough Outdoor > 0.5 High uncertainty; rough terrain introduces

large speed fluctuations.

where

el meae )

The state transition matrix is:

The control input matrix is:

B 0 U
B=|"7° U =1 °]|.
{ 0 Bw] ’ t [uw
Error covariance prediction equation is:

P,=FP,_F" +Q, (7)

where

[P 0 Q. 0
P“‘[ 0 Pw,t_l]’ Q‘[o QJ'

Here, Ps;_1 is the previous error covariance for the speed, representing how much
we trust our previous speed estimate. This value is updated at each iteration of the
Kalman Filter.

To compute variance we have:
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| X
Pop-1= Z(Ui - 0)?, (8)
i=1

where v; are past speed sensor measurements and v is the average speed.
The Kalman gain is computed as follows:

K =PHY"(HPRHT + R)™, (9)
where

hi1 hio

H =
[h21 th

and

R, 0

r= |0 a)

Elements of H are determined based on how the sensors map to the actual states and
R, reflects the noise level (or uncertainty) in speed sensor measurements. These un-
certainties may vary depending on environmental factors, such as roughness or terrain
vibrations. In this work, we assume H as identity for simplicity, implying direct measure-
ment of both speed and angular velocity. In this paper, we do not use real sensor data but
instead assume idealized measurements for speed and angular velocity. These assumed
measurements serve as the basis for state updates in the Kalman filter equations.
The updated speed and angular velocity are obtained by using:

X =X, +K(Z - HX)), (10)

where Z is the observed measurement vector:
7 = {Z} .
Zw

P=(I-KH)P, (11)

-

These equations form the basis of the EKFWC model, enabling adaptive real-time
correction of wheelchair motion based on terrain-dependent dynamics and sensor esti-
mates.

The updated error covariance is:

where [ is the identity matrix:
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4.2. Scenario Description and Analysis Setup

We consider the following scenario to evaluate the performance of the Kalman Filter
under varying joystick inputs and surface conditions: The wheelchair begins by moving
forward at an initial speed of 8cm/s. To increase its velocity, normalized value of a
joystick input ps; = 0.3333333 is applied, followed by a further acceleration using g0 =
0.6666667. The wheelchair then slightly reduces its speed and initiates a right turn with
inputs ps3 = 0.3333333 and p,; = 0.3333333. Subsequently, it performs two consecutive
left turns without altering its speed, using angular velocity inputs p,2 = —0.66666667

and p,3 = —0.3333333. Finally, the wheelchair resumes forward motion, gradually
increasing its speed with pugy = 0.6666667, and ultimately reaches the maximum input
of Ms5 = 1.0.

The Kalman Filter will be applied to three different surface types to analyze the
impact of terrain-induced uncertainty:

(i) Indoor Smooth Surface
(ii) Outdoor Uneven Surface

(iii) Very Rough Outdoor Surface

To evaluate the prediction and update process of the Kalman Filter under varying
terrain conditions, we consider the following joystick input sequence:

Table 4: Joystick Inputs for Speed and Turning

Step Speed Input u; Angular Input v,

1 0.3333333 0
2 0.6666667 0
3 0.3333333 0.3333333
4 0.3333333 -0.6666667
) 0.3333333 -0.3333333
6 0.6666667 0
7 1.0000000 0

The wheelchair begins with the following.

e Previous speed: v;_; = 8cm/s

e Previous angular velocity: wy—1 = 0°/s

e Control input coefficients: Bs = 60cm/s, B, = 30°/s

The performance of the Kalman Filter heavily depends on the careful selection of
its initial parameters. Specifically, the initial state vector is typically set based on prior
knowledge of the system’s starting position, velocity, and orientation. EKFWC used
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Table 5: Initial Data for Speed Prediction

Parameter Indoor Smooth QOutdoor Uneven Very Rough Outdoor
A; (Speed Coefficient) 0.9 0.6 0.4
P, ;1 (Error Covariance) 0.03 0.04 0.05
Qs (Process Noise Cov.) 0.05 0.10 0.60
Rs (Measurement Noise Cov.) 0.02 0.30 0.50

Table 6: Initial Data for Angular Velocity Prediction

Parameter Indoor Smooth QOutdoor Uneven Very Rough Outdoor
A, (Angular Coefficient) 0.9 0.5 0.3
P, :—1 (Error Covariance) 0.06 0.07 0.08
Q. (Process Noise Cov.) 0.02 0.10 0.60
R, (Measurement Noise Cov.) 0.01 0.30 0.50

the speed parameters listed in table 5. The EKFWC utilized the angular velocity param-
eters detailed in Table 6, which were essential for accurately modeling the wheelchair’s
rotational dynamics and ensuring responsive control during turning maneuvers.

This setup serves as a simulation scenario for validating the dynamic response of
the Kalman Filter. While the coefficients and noise covariances are not obtained from
hardware sensors, they reflect reasonable operating ranges found in prior robotic mobility
studies. This approach allows us to focus on how terrain-induced uncertainty affects filter
stability and correction.

4.3. Kalman Filter Application and Stepwise Observations

To analyze the impact of different types of surfaces on wheelchair movement, we
applied Kalman Filter iteratively after each joystick input step. The calculations provide
predictions for speed and angular velocity, Kalman gains, corrections based on observed
measurements, and updated error covariances. In this study, the Kalman Filter is applied
iteratively to refine speed and angular velocity estimations for a wheelchair that navigates
different terrain conditions. The filter updates its predictions based on process and
measurement noise, incorporating Kalman gains to correct errors and improve accuracy.
Each iteration consists of a prediction step, where the speed and angular velocity of the
wheelchair are estimated, followed by a correction step that adjusts these values based
on observed measurements.

In the context of wheelchair motion, angular velocity w denotes the rate and direction
of turning. Positive values indicate right turns, while negative values correspond to
left turns. These negative values are expected and essential for accurately capturing
directional changes in trajectory.

Step 1: Initial phase The wheelchair begins to move with an initial speed of 8
cm/s no angular velocity. A joystick input of 0.3333333 is applied. The Kalman Filter
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predicts the speed for each surface type based on the system model, and then updates
it using the Kalman gain and measurement data. The Kalman Gains (K, K,,) are high
(close to 1), meaning the filter places significant trust in the measurement.

Step 2: Further speed increase

The wheelchair continues accelerating with a new joystick input of 0.6666667. The
predicted speed reaches 60 cm/s for Indoor Smooth surfaces, with a Kalman gain of
0.4407, leading to a corrected speed of 59.5593 cm/s. The Kalman gains are lower
compared to the first step, showing that the filter is becoming more confident in its
estimates. On indoor smooth surface, lower K ( 0.44) shows the prediction is stable;
less correction is needed. Outdoor uneven, gains are moderate, correction shifts the
prediction closer to the measurement. On a very rough surface gains ( 0.35) show that
even with high noise, the model is adjusting more conservatively compared to Step 1.

Step 3: Introduction of Angular Velocity At this step, the wheelchair starts
turning right while slightly reducing speed. The joystick input for speed is 0.3333333,
and for angular velocity it is 0.3333333. The Kalman Filter adapts to track both linear
and angular components. On smooth surfaces, the gains are slightly reduced compared
to straight motion due to additional angular uncertainty.The predicted speed remains 60
cm/s for Indoor Smooth surfaces, with a Kalman gain of 0.3059, leading to an updated
speed of 59.6941 cm/s. The predicted angular velocity is 10°/s, corrected to the same
value after filtering. On Outdoor Uneven surfaces, the predicted speed is 52.7515 cm/s,
adjusted to 52.6178 cm/s, while for Very Rough Outdoor terrain, it is 39.4626 cm/s,
adjusted to 39.0799 cm/s. A turning motion is introduced with an angular velocity input.
The Kalman Filter now processes both speed and angular velocity predictions. The
filter updates the angular velocity effectively, maintaining a balance between prediction
and correction. The error covariance values continue to decrease, showing improved
accuracy in the estimation. The rougher surfaces again exhibit higher discrepancies
between prediction and correction.

Step 4 and 5: Consecutive Left Turns Two consecutive left turns are applied
without changing the speed. The filter efficiently processes the angular velocity changes
while ensuring stability in speed estimation. The predictions and corrections remain
consistent across surface types, with rougher surfaces still showing slightly larger devi-
ations. The Kalman gains for angular velocity slightly decrease, indicating improved
confidence in turn estimations. Low gains show the model is very confident in its state
estimation.

Step 6 and 7: Gradual Speed Increase and Maximum Speed Application
The wheelchair accelerates again, moving towards its maximum speed. The Kalman
Filter continues refining its estimates, and the correction step brings the speed closer
to the prediction. The updated error covariance values are now quite low, indicating a
high level of certainty in both the speed and the angular velocity estimates. The filter
effectively accounts for varying surface conditions, maintaining accuracy even in more
complex scenarios. Finally, the wheelchair reaches its highest speed with a joystick input
of 1.0. The predicted speed is 60 cm/s for all surfaces, with corrected speeds are close
to the predicted ones. The final corrected angular velocities are -16.125°/s, -4.3619°/s,
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and -1.33°/s, respectively. The updated error covariances indicate improved confidence
in the estimated values after applying the Kalman Filter at each step. The Kalman
Filter predictions are now highly accurate, and the correction step only slightly refines
the values. The error covariance values are at their lowest, showing that the filter has
fully adapted to the system dynamics.

Table 7: Kalman Filter Results — Step 1

Surface Type Pred Pred K, K, Corr Corr P P,
Speed w Speed w

Indoor Smooth 27.20 0 0.7879 0.8728 27.04 0 0.0158 0.0087

Outdoor Uneven 24.80 0 0.2761 0.2814 24.58 0 0.0828 0.0844

Very Rough Outdoor 23.20 0 0.5487 0.5484 22.54 0 0.2744 0.2742

where P, and P, denote the updated error covariance for speed and angular velocity,
respectively.

Table 8: Kalman Filter Results — Step 2

Surface Type Pred Pred K, K, Corr Corr P P,
Speed w Speed w

Indoor Smooth 60.00 0 0.4407 0.4660 59.56 0 0.0088 0.0047

Outdoor Uneven 54.75 0 0.2163 0.2196 54.59 0 0.0649 0.0659

Very Rough Outdoor 49.02 0 0.3543 0.3542 48.66 0 0.1772 0.1771

Table 9: Kalman Filter Results — Step 3: Turning Begins

Surface Type Pred Pred K, K, Corr Corr P P,
Speed w Speed w

Indoor Smooth 60.00 10.00 0.3059 0.3179 59.69 10.00 0.0061 0.0032

Outdoor Uneven 52.75 10.00 0.1779 0.1801 52.62 10.00 0.0534 0.0540

Very Rough Outdoor 39.46 10.00 0.2616 0.2615 39.08 10.00 0.1308 0.1308

Visual representation of how the Kalman Gain (K) and the error covariance (Ps) for
speed evolve across the steps for each surface type: Left Plot (Kalman Gain - K) shows
that the Kalman Gain decreases with each step, indicating that the filter becomes more
confident in its prediction as it incorporates more data. Right Plot (Error Covariance
- s) also decreases steadily, demonstrating that the uncertainty in the speed estimate is
reducing with each iteration—highlighting the filter’s effectiveness.

The graph in Figure 4 represents how the Kalman Gain for angular velocity (K,)
and the updated error covariance (Pw) evolve over the 7 steps.

K, and P, decrease step-by-step for all surfaces, indicating that the Kalman filter
gradually puts more trust in its internal model as the uncertainty reduces.
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Table 10: Kalman Filter Results — Step 4: Sharp Turn and Reduced Speed

N

Surface Type Pred Pred K, Corr Corr P If’w
Speed w Speed w
Indoor Smooth 60.00 - 0.2342 0.2412 59.77 - 0.0047 0.0024
11.00 11.00
Outdoor Uneven 51.57 - 0.1510 0.1526 51.48 - 0.0453 0.0458
15.00 15.00
Very Rough Outdoor 35.63 - 0.2074 0.2073 35.50 - 0.1037 0.1037
17.00 17.00
Table 11: Kalman Filter Results — Step 5: Sharpest Turn
Surface Type Pred Pred K, Corr Corr 153 If’w
Speed w Speed w
Indoor Smooth 60.00 - 0.1898 0.1943 59.81 - 0.0038 0.0019
19.90 19.92
Outdoor Uneven 50.89 - 0.1312 0.1324 50.77 - 0.0394 0.0397
17.50 17.57
Very Rough Outdoor 34.20 - 0.1718 0.1717 33.99 - 0.0859 0.0859
15.10 15.08
EKFWC proposed model algorithm is given in algorithm 1.
Table 12: Kalman Filter Results — Step 6: Recovery and Slowing Turn
Surface Type Pred Pred K, Corr Corr PS ]Sw
Speed w Speed w
Indoor Smooth 60.00 - 0.1595 0.1627 59.84 - 0.0032 0.0016
17.93 17.94
Outdoor Uneven 60.00 -8.78 0.1160 0.1169 59.88 -8.81 0.0348 0.0351
Very Rough Outdoor 53.60 -4.52 0.1466 0.1466 53.51 -4.59 0.0733 0.0733
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Table 13: Kalman Filter Results — Step 7: Stabilizing Trajectory

Surface Type Pred Pred K, K, Corr Corr 153 If’w
Speed w Speed w
Indoor Smooth 60.00 - 0.1376 0.1399 59.86 - 0.0028 0.0014
16.15 16.13
Outdoor Uneven 60.00 -4.40 0.1039 0.1047 59.90 -4.36 0.0312 0.0314

Very Rough Outdoor 60.00 -1.38 0.1278 0.1278 59.87 -1.33 0.0639 0.0639

Kalman Gain (Ks) for Speed Over Steps Error Covariance (Ps) for Speed Over Steps
0.8 Indoor Smooth Indoor Smooth
—e— Outdoor Uneven L —e— Outdoor Uneven

0.7 —e— Very Rough Outdoor 0.25 —e— Very Rough Outdoor
0.6 % 0.20

9 5

X 3
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Figure 3: Kalman Gain (K,) and the error covariance (P;)

Algorithm 1 Kalman Filter for Wheelchair Speed and Angular Velocity Estimation
Inputs:
Zs, 2, — Measured speed and angular velocity
Ug, U, — Joystick input values for speed and turning
Parameters:

A, A, — State coefficients for speed and angular velocity
B, B, — Control input coefficients

Qs, Q. — Process noise covariances

Rs, R, — Measurement noise covariances

At — Time step duration

Output:

v, wy — Estimated speed and angular velocity

1: procedure KALMAN_SPEED_ESTIMATION(zs, Zy, Us, Uy )

2: Initialization: Set initial state estimates: vy, wg Set initial error covariances:
P5,07 Pw,O
3: Define system matrices A, B, H, process noise covariance (), and measurement

noise covariance R.
4: Prediction Step: Predict speed and angular velocity using (5).
Correction Step: Compute Kalman gain: equations (9)
Update step Update speed, angular velocity, error covariance (10) and (11).
Update sensor values and return to prediction step.

7: end procedure
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Figure 4: Kalman Gain (K,,) and the error covariance (P,,)

5. Experimental Testbed and Results

In this section, experimental testbed and results will be discussed.

5.1. Experimental Testbed

In this work we assume that the state of the robot is defined by its position in the 2D
plane (z,y) and its orientation angle . The continuous-time kinematic model maps the
linear and angular velocities to the rate of change in position and orientation as follows:

& = vcos() (12)
¥ = vsin(0) (13)
0 =w (14)

For computational applications, especially in control and simulation, the above equa-
tions are discretized using Euler integration over a small time step At:

Ti1 = @ + veos(0y) At (15)
Yir1 = Y + vsin(fy) At (16)
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0t+1 = Gt + wAt (17)

The linear and angular velocities can also be derived from the individual wheelchair
speed. Let r be the radius of each wheel, L be the distance between the wheels
(wheelbase),w;, and wr be the angular velocities of the left and right wheels respec-
tively. The linear and angular velocities of the robot can then be computed as:

v = g(wR +wr) (18)
w= %(wR—wL) (19)

To test the proposed Kalman model, a simulation software was developed using the
C# programming language within the Microsoft Visual Studio environment. The system
was executed on an HP machine equipped with an Intel Core 5-4590S CPU running at
3.00 GHz and 8 GB of RAM, operating under Windows 10 Pro (version 1709, 64-bit).
The software, named Kalman Navigation, utilizes a 10 m x 10 m grid containing several
obstacle walls and a circular object, as shown in Figure 5(a).

The simulator allows users to input Kalman filter coefficient parameters for both
linear and angular velocity. For linear speed, the parameters include: As, Bs, Ps(t—1),
Qs, Rs, and V(t—1). For angular velocity, the parameters are: Ay, By, Py(t—1),
Qu, Ry, and W(t—1). Users can choose from preset terrains: Indoor Smooth, Outdoor
Uneven, and Outdoor Rough.

The maximum linear speed is set to 60 cm/s, and the maximum angular speed is
30 rad/s. The initial linear speed V (t—1) is set to 8 cm/s, and the angular velocity to
0 rad/s, both of which can be modified by the user. The simulation includes an option to
load a predefined scenario consisting of multiple steps with varying linear and angular
speeds. Additionally, the system provides functionality to load previously saved test
data and visualize the results on the grid.

5.2. Experimental Results

In order to evaluate the proposed model, three sets of experiments were conducted
with various Kalman filter parameters for both linear and angular velocities. The three
different sets of parameters are shown in table 1. The blank grid that has the terrain
we used to conduct the experiments for various scenarios is shown in figure 5(a).

The EKFW(C simulation package we developed was evaluated on a blank navigation
terrain, as illustrated in Figure 5(b).

In this work we conducted three navigation experiments on three different surfaces.
In all the experiments, the wheelchair starts from point A till it reaches back to point F.
Figure 6(a) has the navigation over an indoor smooth surface, while figure 6(b) has the
outdoor uneven terrain. Figure 6(c) has the navigation over an outdoor rough terrain.
Figure 6(d) assembles the results over three surfaces to compare the behavior for each
scenario.
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The REFgkppr reference model uses the extended Kalman filter (EKF) and the
modified particle filter (PF). Figure 7 has the navigation of the reference model REFgxrpr
in the experimental navigation field. In figure 8(a), we compare the proposed EKFWC
to the reference REFrk ppr results in a smooth indoor surface environment. Figure 8(b)
compares the proposed EK FWC to the REFgkxrpr to a smooth indoor surface envi-
ronment. Figure 8(c) compares the proposed EKFWC to the reference REFgkppr in
an outdoor uneven surface environment. Figure 8(d) compares the proposed EKFWC
to the reference REFpkrpr in an outdoor very rough surface environment. Results
show that the EK FWC outperforms REFgpkppr in terms of smooth navigation with-
out hitting obstacles on the way starting from point A till it returns back to point F
passing all the intermediate navigation points B, C, D. A differential-drive robot is
a non-holonomic system equipped with two independently driven wheels. The robot’s
motion is characterized by Linear velocity(v): the forward or backward motion of the
robot and angular velocity(w): the rotational rate around the vertical axis (yaw).

Figures 9, 10, and 11 illustrate the evolution of the mean absolute errors (MAE) in the
wheelchair’s estimated position and orientation over time. Specifically, Figure 9 presents
the variation in the MAE of the z-coordinate, Figure 10 shows the corresponding error
in the y-coordinate, and Figure 11 depicts the error in the orientation angle 8. These
plots provide insight into the estimation accuracy of the proposed EK FW C system and
highlight its ability to maintain low tracking error throughout the navigation process.

Additionally, Figures 12 and 13 show the elapsed time and corresponding wheelchair
speed at various interval points along the trajectory from point A to point F, using the
EKFWC model across different surface types. These figures demonstrate how the sys-
tem adapts its velocity profile based on terrain conditions, ensuring smooth and efficient
motion. The data underscores the EK FW (C’s capability to regulate speed dynamically
while maintaining trajectory stability on smooth, uneven, and rough surfaces.
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Figure 6: Using EK FW ' on Various surfaces

The proposed EK FW C system significantly outperformed the reference model REFrkrpp
in terms of navigation time across various terrain types. Specifically, during indoor nav-
igation on a smooth surface, the REFrippr required 100 sec to traverse from point A
to point E, while the EKXFWC completed the same path in a reduced time of 71 sec,
demonstrating both faster and more efficient maneuverability. Furthermore, under out-
door conditions, EK FW C maintained superior performance, completing the navigation
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Figure 7. REFpKrpr reference model navigation in the terrain

in 87 sec on uneven surfaces and 95 sec on very rough terrain. These results highlight
the robustness and adaptability of the EK FW C system across different environmental
conditions.

Table 14 provides a detailed performance comparison between the proposed En-
hanced Kalman Filter-based Wheelchair Control (EKFWC) model and the reference
model, REFgkrpr, which combines an Extended Kalman Filter with a Particle Filter.
The comparative results clearly highlight the superior performance of the EKFWC model
across all evaluated metrics and operational scenarios. Beginning with traversal time,
the EKFWC model achieved significantly faster completion rates across varied terrain
types. Specifically, it demonstrated up to 29% improvement in speed compared to the
REFgkrpr, indicating a more efficient response in both indoor and outdoor navigation
tasks. This acceleration in traversal was consistently observed on all tested surfaces,
ranging from smooth indoor flooring to more challenging rough outdoor paths. In terms
of terrain adaptivity, the difference between the two models becomes even more evident.
The reference REFpkrpr model applied a uniform control strategy regardless of terrain
type, resulting in suboptimal handling on surfaces that deviate from ideal conditions.
Conversely, the EKFWC model introduced an adaptive control strategy based on ter-
rain classification. It incorporated three preset terrain profiles—smooth indoor, uneven
outdoor, and rough outdoor—which allowed it to dynamically tune its estimation and
control parameters in response to real-time environmental conditions. Moreover, the
EKFWC model is designed with extensibility in mind, offering the flexibility for users to
define and configure additional terrain types as needed, thus enhancing personalization
and environmental responsiveness. With regard to noise filtering and signal correction,
the EKFWC model exhibited superior performance. The robustness in noise handling
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Figure 8: FEKFWC vs REFgkrpr for various scenarios

can be attributed to its terrain-specific Kalman filter tuning, which optimizes estimation
accuracy by taking into account the expected dynamics and noise characteristics of each
terrain. This contrasts with the REFgkrpr model, which employs a general-purpose
filtering approach not tailored to specific terrain types. The EKFWC model also showed
greater robustness when deployed in real-world scenarios. Its dual-profile system for in-
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Figure 9: EKFWC error in X for various surfaces

door and outdoor operation ensures that it maintains optimal performance under varied
lighting, surface friction, and motion dynamics. This adaptability allows it to better ac-
commodate the unpredictable nature of everyday environments, making it more practical
for real users. Under the stability assessment criteria, the EKFWC model demonstrated
notably smoother velocity and angular rate trajectories. Unlike the REFgkppr, which
exhibited occasional instability manifested as sharp spikes or jitter in its motion profile,
the EKFWC maintained continuous and stable control outputs. This smoothness not
only enhances ride comfort but also reduces the likelihood of triggering corrective actions
or system resets, thereby contributing to safer and more reliable wheelchair operation.

Table 14: Performance comparison

Metric EKFWC REFEkrpPF EKFWC
(Proposed) (Hybrid Filter) Advantage
Traversal Time 71s (Indoor Smooth) 100s (Indoor Smooth) | Up to 29% faster;

87s (Outdoor Uneven)
95s (Very Rough)

97s (Outdoor Uneven)
106s (Very Rough)

quicker across all sur-
faces

Terrain Adaptivity

Explicit curves per sur-
face; adaptive smooth-
ing

Uniform treatment
across terrains

Responsive to terrain
changes; better align-
ment

Noise Filtering

Fast damping;
smoother error across
all axes

Moderate; filters en-
coder/laser noise only

Stronger filtering and
correction

Real-World Ro- | Surface-specific tuning | Sensor-sensitive; per- | More robust in di-

bustness boosts resilience formance degrades verse outdoor/indoor
settings

Stability Smooth trends, quick | Spikes and delayed sta- | More stable with con-

recovery from error

bilization

sistent dynamics
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Figure 10: EKFWC error in Y for various surfaces

The performance disparity is primarily attributed to the behavioral characteristics of
the two control models. The reference model REFrippr frequently deviated from the
optimal trajectory, resulting in longer travel distances due to zigzag movements and wide
turning angles. Additionally, it exhibited noticeable pauses and hesitation, particularly
in response to terrain changes, which further contributed to increased traversal times.
In contrast, the EKFW(C maintained a smoother trajectory with minimal deviation
from the shortest path and showed a consistent response to terrain variations without
incurring significant delays. This capability to maintain stable and continuous motion is
a key advantage of the EK FW | reflecting its effectiveness in real-time adaptive control
and efficient path execution.

6. Conclusion and Future Work

The proposed EKFWC system presents a significant advancement in intelligent
wheelchair control for individuals with motor impairments, particularly those with cere-
bral palsy. By leveraging Kalman Filter-based state estimation and real-time velocity
correction, EK FW (' effectively compensates for joystick input inaccuracies, resulting
in smoother and more precise navigation. Simulation results show that EKFWC con-
sistently outperforms the reference model RE Frkppr across a variety of terrain condi-
tions. Notably, When compared to RE Frkrpr, FK FW C reduced navigation time from
100 sec to 71 sec on smooth indoor surfaces, and maintained superior performance on
uneven and very rough outdoor terrain with traversal times of 87 sec and 95 sec, respec-
tively. These improvements are attributed to EKFW(C’s ability to maintain a stable
trajectory with minimal deviations and prompt responses to terrain changes, avoiding the
zigzagging and hesitations observed in the reference model. Overall, EK FWC demon-
strates robust adaptability, real-time responsiveness, and enhanced maneuverability in
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diverse mobility environments.

Future work will focus on implementing the proposed EKFW C' system on a real
electric wheelchair platform to validate its effectiveness beyond simulation. This in-
cludes integrating the control model with actual hardware components, such as joystick
interfaces, motor drivers, and onboard sensors, to evaluate performance in real-time op-
eration across diverse indoor and outdoor environments. Emphasis will be placed on
testing the system with users who have motor impairments to assess its adaptability, re-
liability, and usability under real-world conditions. Additionally, further enhancements
may involve adaptive tuning mechanisms to personalize the control response based on
individual user behavior and dynamic terrain feedback, thereby improving overall system
robustness and user experience.
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