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Estimating vehicle roll pitch and heave accelerations from classic sensor fusion
A Kalman Filter-based estimation approach
KANISHK NAMA
Department of Electrical Engineering
Chalmers University of Technology

Abstract
Accurate knowledge of vehicle body motion is essential for modern suspension con-
trol systems, such as continuously variable damping and air spring control. Tra-
ditionally, these systems rely on dedicated accelerometers mounted on the vehicle
body. However, modern vehicles already carry inertial sensors within safety-critical
subsystems such as the Supplemental Restraint System (SRS), alongside suspension
deflection sensors at each wheel. This thesis investigates whether these existing
onboard signals can be repurposed to estimate vehicle body accelerations, specifi-
cally heave, roll, and pitch, to a standard sufficient for suspension control, without
introducing additional hardware.
A Kalman filter-based sensor fusion algorithm is developed, combining SRS IMU
measurements with vehicle speed from the CAN bus and suspension deflection sig-
nals. The algorithm first estimates vehicle attitude through a linear time-varying
Kalman filter that propagates the gravity direction vector using gyroscope measure-
ments and corrects it using compensated lateral and vertical accelerometer read-
ings. The estimated attitude is then used to extract global vertical acceleration
from the IMU, which is subsequently fused with suspension-derived body signals in
a Kalman-based observer to produce heave, roll, and pitch acceleration estimates.
The algorithm was evaluated against ground-truth signals derived from a dedicated
accelerometer system currently used at Volvo Cars Corporation. The results demon-
strate that heave and pitch accelerations can be reconstructed with strong accuracy
across the primary ride frequency band, while roll estimation captures the domi-
nant low-frequency dynamics with more moderate agreement. Overall, the proposed
framework shows that SRS-based sensor fusion is a technically viable alternative to
dedicated body accelerometers, offering a path toward reduced hardware cost and
improved sensor redundancy in production vehicles.

Keywords: Vehicle Dynamics, Rigid Body Dynamics, Sensor Fusion, Kalman Filters,
Signal Processing.
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Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

AR Auto-Regressive
CAN Controller Area Network
CDC Continuously Damping Control
CG Centre of Gravity
DCM Direction Cosine Matrix
DOF Degrees of Freedom
ECU Electronic Control Unit
EKF Extended Kalman Filter
GPS Global Positioning System
HPF High-Pass Filter
IMU Inertial Measurement Unit
INS Inertial Navigation System
ISO International Organization for Standardization
KF Kalman Filter
LIDAR Light Detection and Ranging
LPF Low-Pass Filter
LTV Linear Time-Varying
MEMS Micro-Electromechanical Systems
PSD Power Spectral Density
RMS Root Mean Square
RMSE Root Mean Square Error
SRS Supplemental Restraint System
SUM Suspension Mechatronics Unit
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Nomenclature

Below is the nomenclature of symbols and variables that have been used throughout
this thesis.

Scalars and Indices

k Discrete time step index
t Continuous time index
∆t Discrete time step size
g Gravitational acceleration, 9.81 m/s2

ca Auto-regressive decay constant
σG Gyroscope noise standard deviation
σA Accelerometer noise standard deviation
σv CAN bus speed noise standard deviation
σj Jerk noise parameter
fc Filter cut-off frequency
fHP High-pass filter cut-off frequency
N Number of samples

Vectors and Matrices

xk State vector at time step k

xh Heave observer state vector [z, ż, z̈]⊤

yk Measurement vector at time step k

Φk−1 State transition matrix
Hk Observation matrix
Kk Kalman gain matrix
Pk Error covariance matrix
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Qk Process noise covariance matrix
Rk Measurement noise covariance matrix
A State transition matrix
G Process noise input matrix
R Rotation matrix
I Identity matrix
ỹk Innovation vector
Sk Innovation covariance matrix
ΣG Gyroscope noise covariance matrix
ΣA Accelerometer noise covariance matrix
Mt,1 Measurement noise covariance matrix for Update 1
x−
k A priori state estimate

x+
k Posterior state estimate after Update 1

x++
k Posterior state estimate after Update 2

P−
k A priori covariance estimate

P+
k Posterior covariance estimate after Update 1

P++
k Posterior covariance estimate after Update 2

Sensor Signals

yG,t Measured angular velocity from gyroscope, [Gx, Gy, Gz]⊤

yA,t Measured acceleration from accelerometer, [Ax, Ay, Az]⊤

yv,t Vehicle longitudinal speed from CAN bus
ωt True angular velocity [ωx, ωy, ωz]⊤

ωx, ωy, ωz Angular velocity components about vehicle body axes
at Inertial acceleration due to vehicle motion
ax, ay, az Longitudinal, lateral and vertical acceleration components
vx, vy, vz Vehicle velocity components in the body frame
gt Gravitational acceleration in vehicle body frame
nG Gyroscope measurement noise
nA Accelerometer measurement noise
nv CAN bus measurement noise
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Vehicle States and Geometry

ϕ Vehicle roll angle
θ Vehicle pitch angle
ψ Vehicle yaw angle
R31 First element of gravity direction state vector
R32 Second element of gravity direction state vector
R33 Third element of gravity direction state vector
αy,t Lateral external acceleration state
αz,t Vertical external acceleration state
zb Body heave displacement
ż Body heave velocity
z̈ Body heave acceleration
z̈IMU IMU-derived global vertical acceleration
ϕsusp Suspension-derived roll angle
θsusp Suspension-derived pitch angle
δFL Front-left suspension deflection
δFR Front-right suspension deflection
δRL Rear-left suspension deflection
δRR Rear-right suspension deflection
lf Longitudinal distance from CG to front axle
lr Longitudinal distance from CG to rear axle
tf Front half-track width
tr Rear half-track width

Noise Terms and Model Errors

wk Process noise vector
υk Measurement noise vector
εt External acceleration model error
Υt,1 Measurement noise term for Update 1
Υt,2 Measurement noise term for Update 2
δt Noise associated with the derived Update 2 measurement
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Performance Metrics

RMSE Root mean square error
RMS Root mean square value
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1
Introduction

Modern vehicles are equipped with a growing number of inertial sensors distributed
across various onboard subsystems. Among these, the Supplemental Restraint Sys-
tem (SRS) contains a six-degree-of-freedom IMU that continuously measures vehicle
accelerations and angular rates during normal driving, not only during crash events.
This raises a practical question: if these sensors are already present and always ac-
tive, can their data be repurposed to serve other vehicle functions, such as suspension
control, without adding new hardware?
This thesis investigates exactly that. The goal is to determine whether SRS IMU
data, combined with other existing onboard signals, can replace dedicated body-
mounted accelerometers for estimating the vehicle’s heave, roll, and pitch acceler-
ations the three dominant body motion quantities required by modern suspension
controllers.

1.1 Purpose
To achieve balanced ride comfort, handling, and safety, modern vehicles rely on ac-
tive and semi-active suspension systems that respond in real time to vehicle body mo-
tion. Systems such as continuously variable damping control (CDC) and air spring
control depend on accurate, low-latency measurements of suspension deflection and
vehicle body accelerations to command their actuators effectively. Traditionally,
these inputs are obtained from dedicated accelerometers mounted at carefully cho-
sen locations on the vehicle body.
The current hardware architecture at Volvo Cars Corporation, however, already in-
cludes inertial sensors embedded within the SRS subsystem that continuously mea-
sure accelerations throughout normal driving. This overlap raises the possibility of
consolidating sensing functions, using the SRS IMU in place of the dedicated ac-
celerometer array, thereby reducing hardware cost, wiring complexity, and packaging
constraints.
The challenge is that SRS sensors are designed and optimised for crash detection,
not motion estimation. They differ from dedicated motion sensors in placement,
sampling rate, signal latency, noise characteristics, and signal conditioning. These
differences directly affect estimation quality and must be carefully understood and
compensated for. The purpose of this work is therefore twofold: to develop a sensor
fusion algorithm capable of producing accurate body acceleration estimates from
SRS and other existing signals, and to honestly assess where that approach succeeds
and where it falls short.

1



1. Introduction

1.2 Architecture Design
The existing approach at Volvo Cars Corporation uses three accelerometers arranged
in a predefined geometric configuration on the vehicle body. By combining their
measurements through compensation coefficients derived from the sensor positions
and vehicle geometry, the system reconstructs the vehicle’s heave, roll, and pitch
accelerations. This method is computationally efficient and well-suited to the current
hardware setup.

Figure 1.1: Existing accelerometer setup at Volvo Cars Corporation.

The proposed architecture replaces this dedicated sensor array with a fusion of
signals already available on the vehicle: inertial measurements from the SRS IMU,
wheel suspension deflections from the four corner sensors, and longitudinal vehicle
speed from the CAN bus. Through state estimation and sensor fusion, these signals
are combined to reconstruct the same body accelerations that the dedicated system
currently provides.
The key advantage of this approach is that it requires no new hardware. All sensors
used are already integrated into the vehicle platform. If successful, the method offers
a cost-effective and scalable path toward sensor redundancy, and potentially toward
eliminating the dedicated accelerometer array altogether.

Figure 1.2: Proposed sensor configuration for reconstructing vehicle dominant
acceleration signals. The green box represents the suspension deflection sensors; the
blue box represents the SRS IMU.

2



1. Introduction

1.3 Scope
The focus of this thesis is specifically on the signal reconstruction problem: can the
SRS IMU data, fused with suspension and speed signals, produce body acceleration
estimates that are comparable in quality to those from the dedicated accelerometer
system? The evaluation is carried out on logged driving data from the Hällered
Proving Ground, using the existing dedicated accelerometer outputs as ground truth.
The thesis does not address the full integration of this approach into a production
suspension controller, nor does it account for communication latency or signal prop-
agation delays between ECUs, these are important practical considerations but are
outside the scope of this study.

1.4 Limitations
The observer framework developed in this thesis is based on a linearised model of
vehicle dynamics. Nonlinear effects, including road surface irregularities, tyre slip
dynamics, wheel hop, and suspension geometry nonlinearities, are not explicitly
modelled. The vehicle body is treated as a rigid body, meaning that torsional
flexibility of the chassis is neglected. Additionally, since the algorithm is designed
to operate at the accelerometer update rate, the effects of inter-ECU signal latency
and transmission delays are not accounted for in the current implementation. These
simplifications are appropriate for the linear ride frequency range targeted by this
study, but they define the operating boundaries within which the results are expected
to hold.

3
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2
Literature Review

Estimating vehicle body motion from existing onboard sensors is a well-studied
problem, and a substantial body of prior work addresses both the attitude estima-
tion problem and the broader challenge of reconstructing vehicle body accelerations
through sensor fusion. This chapter reviews the most relevant contributions, or-
ganised around the two core technical problems that this thesis must solve: how
to represent and estimate vehicle attitude from a low-cost IMU in a way that is
compatible with a linear Kalman filter, and how to compensate for the external
accelerations that affect accelerometer measurements during vehicle motion. The
chapter closes by surveying approaches to body acceleration reconstruction from
suspension sensors, and the performance metrics used to evaluate such estimators.

Attitude Representation
Several parameterisations of vehicle orientation have been used in the literature
when constructing Kalman-filter-based attitude estimators. The most intuitive is
the Euler angle representation, in which roll, pitch and yaw are used directly as state
variables [1]. While conceptually simple, this formulation introduces trigonometric
coupling terms into the measurement equations, rendering the filter nonlinear and
requiring either linearisation or a computationally heavier nonlinear variant. The
quaternion representation avoids singularities entirely and preserves linearity in the
filter update equations by encoding orientation as a four-dimensional unit vector
[4, 19]. However, it increases the state dimension and requires enforcement of the
unit-norm constraint at every time step. The direction cosine matrix (DCM) rep-
resentation offers a practically attractive middle ground: by retaining only the roll-
and pitch-sensitive elements of the DCM as state variables, a linear Kalman filter
can be constructed that remains non-singular provided the vehicle never reaches 90◦

of inclination [2, 3]. For a road vehicle operating under normal driving conditions,
this constraint is never approached, making the DCM approach the most suitable
choice for the present work.

Gyroscope Drift and the Need for Attitude Cor-
rection
Regardless of the orientation parameterisation chosen, a gyroscope alone cannot
maintain a reliable attitude estimate over time. MEMS-grade gyroscopes, which are

5



2. Literature Review

the only cost-viable option for mass-produced vehicles, exhibit a time-varying bias
whose integral drifts unboundedly without external correction [7]. High-precision
fibre-optic and ring-laser gyroscopes achieve angle random walk values below
0.001 deg/

√
hr [6], but their cost renders them entirely impractical for automotive

use. External references such as cameras, LiDAR, and GPS have been shown to cor-
rect gyroscope drift effectively [5], but again at a cost in hardware and computation
that is unjustifiable when equivalent onboard sensors are already present.
Accelerometers represent the natural low-cost complement to the gyroscope. When
the vehicle is stationary or in steady-state motion, the accelerometer output is dom-
inated by gravity and provides a direct attitude reference. However, any vehicle
acceleration contaminates this gravity measurement with kinematic contributions,
corrupting the attitude update unless these external accelerations are first removed.
This external acceleration compensation problem is central to the design of any
IMU-based attitude estimator for moving vehicles, and it has received considerable
attention in the literature.

External Acceleration Compensation Strategies
The simplest approach to handling external accelerations is the threshold method,
in which the filter switches between two operating modes based on whether the
accelerometer norm is close to 9.81 m/s2 [8]. When the vehicle is judged to be in
a quasi-static state, the accelerometer provides the full attitude correction; when
it is deemed dynamic, the filter relies solely on the gyroscope. The fundamental
weakness of this approach is that all gyroscope-only intervals accumulate drift, and
the binary static-or-dynamic classification is inherently sensitive to sensor noise and
misclassification. Any extended dynamic manoeuvre therefore leads to a progressive
loss of attitude accuracy that cannot be recovered until the vehicle returns to a nearly
static condition.
A more nuanced strategy uses the magnitude of the Kalman filter innovation to
estimate the degree of external acceleration contamination and reduces the weight
assigned to the accelerometer correction accordingly [9]. This avoids the hard switch-
ing of the threshold approach and eliminates misclassification errors, but the fun-
damental limitation remains: whenever external acceleration is judged to be large,
the attitude estimate falls back onto the gyroscope and begins to drift. The ap-
proach is therefore unsuitable for driving scenarios that involve sustained lateral or
longitudinal accelerations.
Modelling external acceleration as a first-order autoregressive process and estimating
it adaptively within the filter framework offers a step forward in accuracy [10].
By treating the unknown external acceleration as an additional filter state, the
approach can track slowly varying acceleration disturbances without switching to a
gyroscope-only mode. However, the simplified first-order dynamics assumed for the
external acceleration state break down under the rapid and prolonged acceleration
disturbances typical of road vehicle manoeuvres, and the method has been shown
to perform poorly in precisely these conditions [10].
A more physically grounded strategy, proposed in [3] and further developed in [20],
computes the dominant external acceleration components directly from kinematic

6



2. Literature Review

relationships using vehicle speed and gyroscope measurements. Centripetal accel-
erations during cornering and pitching can be expressed as products of the forward
speed and the measured angular rate, both of which are available from the CAN
bus and the IMU respectively. The residual lateral and vertical accelerations that
cannot be directly computed are modelled as slowly varying states updated by a
low-pass filter, avoiding the circular dependency that arises when the acceleration
estimate is derived from the same signal it is intended to correct. This approach
provides robust attitude correction even during dynamic driving conditions without
requiring any nonlinear vehicle model inputs, and it forms the conceptual foun-
dation for the external acceleration compensation strategy adopted in this thesis.
The framework proposed in [3] is the primary reference for the attitude estimator
developed in Chapter 4.
An alternative class of methods estimates external acceleration through a more
complete vehicle dynamics model. Chen et al. [11] and Oh and Choi [12] estimated
longitudinal and lateral velocity using wheel speed sensors and a bicycle model, from
which the kinematic accelerations can be derived and removed from the IMU signal.
While the reported accuracy is good, these methods require tyre slip angle estimates
and other inputs from nonlinear vehicle subsystems, introducing model dependencies
and computational overhead that make them poorly suited to the linear, real-time
estimation framework targeted here.

Body Acceleration Estimation from Suspension and
IMU
Beyond attitude estimation, several studies have addressed the reconstruction of
vehicle body accelerations directly. [13] demonstrated that fusing a six-degree-of-
freedom IMU with standard production car sensors, including wheel speed, steering
angle, and suspension level sensors, within a linear Kalman filter framework achieves
sufficient accuracy for attitude and velocity estimation under both normal urban
driving and harsh dynamic manoeuvres. That work is closely related in spirit to
the present thesis, though it focuses on velocity and attitude rather than body
accelerations for suspension control.
The method of computing roll and pitch rates directly from suspension corner de-
flections was proposed by [16], using vehicle geometry and rigid body kinematics
to relate corner height differences to angular motion. This provides an independent
low-frequency angular reference that is complementary to the high-frequency sen-
sitivity of the IMU, and it is a key building block of the roll and pitch observers
developed in Chapter 4. Kinematic constant-acceleration models, in which the body
acceleration is propagated as a near-constant state driven by a jerk process noise
input, have been widely used to estimate accelerations from onboard sensor combi-
nations [14, 15]. These models provide a computationally efficient state transition
structure and form the basis of the observer designs presented in this work.
At the more complex end of the spectrum, [17] applied a full seven-degree-of-
freedom vehicle model within an Unscented Kalman Filter to capture suspension
nonlinearities and estimate body accelerations. While this yields accurate results
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in simulation, the method involves significant computational cost and introduces
estimation delays that are undesirable in a real-time suspension control context.
The present thesis deliberately avoids this level of model complexity, accepting the
limitations of a linear framework in exchange for computational efficiency and im-
plementability on production ECUs.

Performance Metrics and Evaluation Standards
Evaluating the quality of body acceleration estimates requires metrics that capture
both the amplitude accuracy and the dynamic fidelity of the estimated signal. The
root mean square error (RMSE) is the most widely used scalar metric in vehicle
dynamics estimation literature [13, 17], providing a straightforward measure of ab-
solute estimation error. The normalised RMSE (NRMSE), obtained by dividing
the RMSE by the root mean square value of the reference signal, allows meaningful
comparison across axes and datasets with differing signal amplitudes. The Pearson
correlation coefficient complements the RMSE by quantifying waveform similarity
independently of amplitude scaling, and is commonly reported alongside RMSE in
sensor fusion evaluation studies [21].
Frequency-domain analysis provides additional insight that time-domain metrics
alone cannot capture. Power spectral density (PSD) comparison reveals whether the
observer reproduces the spectral content of the reference signal across the relevant
frequency range, and the mean squared coherence function quantifies the linear
relationship between estimated and reference signals as a function of frequency.
These metrics are particularly important in the context of ride comfort, where the
human body responds selectively to vibration in specific frequency bands.
The standard framework for ride-comfort-oriented evaluation is provided by ISO 2631-
1:1997 [24], which defines frequency-weighting filters that model the sensitivity of
the human body to whole-body vibration. The Wk filter applies to vertical (heave)
acceleration, while the We and Wd filters apply to pitch and roll accelerations respec-
tively. By computing the RMS of the ISO-weighted estimation error, performance
can be expressed in terms that are directly relevant to the perceived ride qual-
ity experienced by vehicle occupants. This perceptually motivated metric captures
whether the observer accurately reproduces the vibration content that matters most
for suspension control, even when broadband error metrics suggest moderate over-
all accuracy. The vehicle body axis conventions and coordinate definitions used
throughout this thesis follow ISO 8855:2011 [23].
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3
Theory

Each sensor used in this thesis, the SRS IMU, the suspension deflection sensors,
and the CAN bus speed signal, provides only a partial and noisy view of the vehi-
cle body motion. No single source is sufficient on its own: the IMU drifts without
correction, the suspension sensors are dominated by road noise at high frequen-
cies, and the vehicle speed signal will not carry attitude information always. To
reconstruct heave, roll, and pitch accelerations from this combination of imperfect
measurements, appropriate filtering and estimation tools must be employed.
This chapter introduces the four signal processing and estimation techniques that
underpin the methodology developed in Chapter 4. The Kalman filter forms the
core estimation engine and is used in three distinct roles: the attitude estimator,
the heave observer, and the roll and pitch observer. The low-pass filter is used
to pre-filter IMU channels and the CAN bus speed signal prior to estimation. The
Savitzky-Golay filter is used to differentiate filtered angular rate signals into angular
accelerations without excessive noise amplification. The high-pass filter is used
to remove the residual low-frequency gravity bias from the IMU-derived vertical
acceleration signal.

3.1 The Kalman Filter
The Kalman filter is a recursive estimator that produces optimal state estimates for
linear systems subject to Gaussian process and measurement noise [22]. It operates
in two alternating stages. In the prediction stage, the filter propagates the current
state estimate forward in time using a physics-based process model. In the cor-
rection stage, newly arrived sensor measurements are used to update the predicted
state, pulling the estimate toward the observed data in proportion to the relative
confidence assigned to the model and the sensor. The result is a statistically optimal
combination of prediction and observation that minimises the posterior estimation
error covariance [21].
The filter continuously balances two sources of information: the mathematical model,
which captures the known dynamics of the system, and the sensor measurements,
which carry direct but noisy observations of the state. When the model is trusted
more than the sensor, the filter weights the prediction heavily; when the sensor is
trusted more, the measurement dominates. This balance is governed by the Kalman
gain, which is computed automatically from the process and measurement noise
covariances at each time step. As a result, the estimated states lie between the
model prediction and the measured observations, producing smooth and consistent
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estimates even in the presence of significant sensor noise and disturbances [22].

System Model
Consider a discrete-time linear stochastic system of the form

xk = Φk−1 xk−1 + wk−1, (3.1)
yk = Hk xk + υk, (3.2)

where xk ∈ Rn is the state vector at time step k, yk ∈ Rm is the measurement
vector, Φk−1 ∈ Rn×n is the state transition matrix, and Hk ∈ Rm×n is the ob-
servation matrix. The terms wk−1 and υk are the process noise and measurement
noise respectively, which are assumed to be zero-mean, mutually uncorrelated white
Gaussian process noise where Qk ∈ Rn×n is the process noise covariance matrix and
Rk ∈ Rm×m is the measurement noise covariance matrix.

wk ∼ N (0, Qk), (3.3)
υk ∼ N (0, Rk), (3.4)

Time Update (Prediction)
Given the posterior state estimate x+

k−1 and its error covariance P+
k−1 from the

previous time step, the filter propagates both quantities forward using the process
model:

x−
k = Φk−1 x+

k−1, (3.5)
P−
k = Φk−1 P+

k−1 Φ⊤
k−1 + Qk−1. (3.6)

The superscript (−) denotes the a priori (predicted) quantity, before any measure-
ment at step k has been incorporated.

Measurement Update (Correction)
When a new measurement yk becomes available, the a priori estimate is corrected.
The innovation, defined as the difference between the actual measurement and the
predicted measurement, is

ỹk = yk −Hk x−
k , (3.7)

and the innovation covariance is

Sk = Hk P−
k H⊤

k + Rk. (3.8)

The Kalman gain Kk determines how much weight is assigned to the new measure-
ment relative to the prediction:
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Kk = P−
k H⊤

k S−1
k . (3.9)

The posterior state estimate and error covariance are then updated as

x+
k = x−

k + Kk ỹk, (3.10)
P+
k = (I−Kk Hk) P−

k . (3.11)

The gain Kk is derived by minimising P+
k , that is, the total posterior state uncer-

tainty. When Rk is small (high sensor confidence), Kk is large and the filter trusts
the measurement. When Qk is small (high model confidence), P−

k remains small
and the filter relies more heavily on the prediction.

Sequential Measurement Updates
When two independent measurement sources are available at the same time step,
both can be incorporated sequentially rather than in a single joint update [14].
Given measurements yk,1 and yk,2 with associated matrices (H1,R1) and (H2,R2),
the standard update equations are applied twice in succession:

1. Apply Update 1 using (yk,1, H1, R1) to obtain x+
k and P+

k .
2. Apply Update 2 using (yk,2, H2, R2) to x+

k and P+
k , yielding x++

k and P++
k .

This is equivalent to a joint update when the two measurement noise vectors are
uncorrelated, while avoiding the need to invert a larger combined innovation covari-
ance matrix. This sequential structure is used in the attitude estimator developed
in Section 4.2, where the lateral and vertical accelerometer updates are applied one
after the other at each time step.

3.2 Low-Pass Filter
A low-pass filter attenuates high-frequency content in a signal while preserving its
low-frequency components. It smooths the signal and suppresses broadband noise
without distorting the underlying slow-varying dynamics of interest. The transfer
function of a first-order low-pass filter is

H(s) = 1
1 + s

ωc

, (3.12)

where H(s) is the filter transfer function and ωc is the cutoff angular frequency. The
cutoff frequency in Hz is

fc = ωc
2π . (3.13)

Frequencies below fc are preserved, while frequencies above fc are progressively
attenuated. In this thesis, low-pass filters are applied to the IMU accelerometer and
gyroscope channels at 25 Hz, and to the CAN bus vehicle speed signal at 3 Hz, to
suppress digitisation noise prior to estimation.
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3.3 Savitzky-Golay Filter
The Savitzky-Golay filter smooths a signal and reduces noise while preserving the
shape of important signal features such as peaks and derivatives. It operates by
fitting a low-order polynomial to a sliding window of data points using the method
of least squares, and evaluating the polynomial at the central point of the window.
The filtered output is

yi =
m∑

j=−m
cj xi+j, (3.14)

where xi+j are the input data points within the window of half-width m, cj are the
coefficients determined by the polynomial fitting procedure, and yi is the filtered
output at sample i. Unlike a simple moving-average filter, the Savitzky-Golay filter
preserves the shape of the signal more faithfully because it fits a polynomial rather
than computing a flat average. In this thesis, a Savitzky-Golay derivative filter is
used to numerically differentiate the low-pass-filtered IMU angular rate signals to
obtain angular acceleration estimates, providing noise-robust differentiation while
preserving the derivative signal shape.

3.4 High-Pass Filter
A high-pass filter attenuates low-frequency components and allows high-frequency
components to pass through. It is used to remove slow-varying offsets and baseline
drift from a signal. The transfer function of a first-order high-pass filter is

H(s) =

s

ωc

1 + s

ωc

, (3.15)

where ωc is the cutoff angular frequency. The cutoff frequency in Hz is

fc = ωc
2π . (3.16)

Frequencies above fc are preserved, while frequencies below fc are attenuated. In
this thesis, a high-pass filter with a cutoff of 0.05 Hz is applied to the IMU-derived
global vertical acceleration signal to remove the residual low-frequency bias that
arises from imperfect gravity compensation in the attitude estimator.
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4
Methodology

This chapter presents the complete estimation framework developed to reconstruct
vehicle body heave, roll, and pitch accelerations from existing onboard sensors. The
framework consists of two interconnected stages. The first stage is an attitude
estimator that determines the vehicle’s roll and pitch angles using measurements
from the SRS IMU and the CAN bus speed signal. The second stage comprises
three Kalman-based observers, one for heave, one for roll, and one for pitch, that
fuse the estimated attitude with suspension deflection signals to produce the final
body acceleration estimates.
The following sections describe the sensor models, coordinate conventions, filtering
techniques, and estimation algorithms employed at each stage.

4.1 Sensors and Measurements
The proposed sensor fusion framework draws on four measurement sources already
present in the vehicle. Each sensor provides partial information about the vehicle
body motion; it is only through their fusion that accurate estimates of heave, roll,
and pitch acceleration become possible. The sensors and their measurement models
are described below.

• Dedicated Accelerometers
As discussed previously in Chapter 1, the current approach for calculating
vehicle body accelerations relies on a set of accelerometers geometrically dis-
tributed across the vehicle chassis. By combining the measurements from
these sensors using predefined geometric relationships and compensation co-
efficients, the vehicle’s heave, roll, and pitch accelerations can be determined.
In this study, the accelerations obtained from the existing accelerometer-based
system are treated as the reference measurements, or ground truth, against
which the performance of the proposed sensor fusion estimation framework is
evaluated.

• IMU-Accelerometer
The accelerometer integrated within the SRS ECU IMU measures the spe-
cific forces acting on the vehicle body along three orthogonal axes. These
measurements capture both the dynamic accelerations generated by vehicle
motion and the gravitational acceleration component, making them a valu-
able source of information for vehicle state estimation. In the proposed sensor
fusion framework, the accelerometer signals are utilized to estimate the vehi-
cle’s roll and pitch attitudes by exploiting the relationship between gravity and
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sensor orientation. Furthermore, the measured accelerations contribute to the
reconstruction of vehicle body motions and provide essential information for
the estimation of vertical, roll, and pitch accelerations used in the suspension
control and ride dynamics analysis.

yA,t = gt + at + nA (4.1)

• IMU-Gyrometer
The SRS ECU is equipped with a six-degree-of-freedom (6-DOF) inertial mea-
surement unit (IMU), comprising a three-axis accelerometer and a three-axis
gyroscope. This sensor provides measurements of the vehicle’s linear acceler-
ations and angular rates, thereby capturing both the translational and rota-
tional dynamics of the vehicle body. These measurements form a key input
to the proposed sensor fusion framework and are utilized for vehicle attitude
estimation and motion reconstruction.

yG,t = ωt + nG (4.2)

• Suspension Deflection Sensors
The suspension deflection sensors are mounted at each wheel suspension as-
sembly and are used to measure the relative displacement between the sprung
and unsprung masses. These sensors operate as angular position sensors at-
tached to the suspension mechanism, where changes in suspension geometry
are first measured as angular displacements. The conversion from angular dis-
placement to linear suspension travel is performed internally using predefined
kinematic relationships, allowing the sensors to directly output compensated
vertical deflection measurements at their respective mounting locations. These
measurements provide valuable information regarding the vertical dynamics of
the vehicle and are utilized within the proposed sensor fusion framework for
motion estimation.

δ = zb + θx+ ϕy (4.3)

• Vehicle Speed
The vehicle speed is obtained from signals available on the CAN bus and
represents the longitudinal velocity of the vehicle. This signal is computed by
the vehicle’s onboard systems using information from multiple sources, such
as wheel speed sensors and other vehicle dynamics measurements, to provide
a robust estimate of the vehicle’s forward speed. Within the proposed sensor
fusion framework, the vehicle speed serves as an important input for modeling
vehicle dynamics and improving the accuracy of the state estimation process.

yv,t = vt + nv (4.4)

The symbols appearing in the measurement models above are defined in Table 4.1.
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Table 4.1: Symbol definitions for the sensor measurement models.

Symbol Meaning

yG,t = [Gx, Gy, Gz]⊤ Measured angular velocity from gyroscope
ωt = [ωx, ωy, ωz]⊤ True angular velocity (unknown)
nG Gyroscope noise, zero-mean Gaussian, variance σ2

G

per axis
yA,t = [Ax, Ay, Az]⊤ Measured specific force from accelerometer
gt = g xt Gravitational acceleration vector in the vehicle

body frame
at = [ax, ay, az]⊤ Inertial acceleration due to vehicle motion
nA Accelerometer noise, zero-mean Gaussian, vari-

ance σ2
A per axis

yv,t Vehicle longitudinal speed from CAN bus
vt True vehicle speed
nv CAN bus measurement noise
δ Compensated vertical suspension deflection at a

single corner

4.2 Attitude Estimator: Roll and Pitch from the
IMU

Before vertical body acceleration can be extracted from the IMU, the orientation of
the vehicle must be known. The IMU accelerometer measures specific force, which
is the sum of gravitational and inertial contributions and depends on the current
body attitude. Even a small error in the estimated roll or pitch angle produces
a measurable gravity projection onto the vertical axis, introducing a bias into the
heave estimate. Accurate attitude estimation is therefore a prerequisite for heave
recovery and constitutes a significant part of the sensor fusion framework.

Coordinate Convention

The vehicle body axes follow the ISO 8855 convention [23]: x points forward, y
points left, and z points upward. The roll angle ϕ is the rotation about the x-axis,
and the pitch angle θ is the rotation about the y-axis. Heave refers to translational
motion along the z-axis. The convention is illustrated in Figure 4.1.

Sensor Suite and Measurement Models

The attitude estimator fuses measurements from three of the four sources described
in Section 4.1: the a (tri-axial accelerometer and tri-axial gyroscope), the longitu-
dinal vehicle speed from the CAN bus, and the four suspension deflection sensors.
The measurement equations at time step t in the vehicle body frame are
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Figure 4.1: ISO 8855 sign convention for vehicle body axes [23].

yG,t = ωt + nG (gyroscope: angular rate), (4.5)
yA,t = gt + at + nA (accelerometer: specific force), (4.6)
yv,t = vt + nv (CAN bus: forward speed), (4.7)
δ = zb + θ x+ ϕ y (suspension: corner height), (4.8)

where gt is the gravity vector in the body frame, at is the vehicle kinematic acceler-
ation, and nG, nA, nv are zero-mean Gaussian noise terms with standard deviations
taken from the IMU datasheet,

σG = 3.49× 10−4 rad/s, σA = 0.02 m/s2, σv = 0.10 m/s. (4.9)

All IMU channels are low-pass filtered at fLP,IMU = 25 Hz and the CAN bus speed
is low-pass filtered at fLP,spd = 3 Hz prior to estimation to suppress broadband
digitisation noise (see Section 3.2).

Gravity Direction State and Filter Design
The three-dimensional direction cosine matrix (DCM) R relates the body frame to
the navigation frame. Since a ground vehicle operating under normal conditions
never approaches 90◦ of roll or pitch, the Euler angle representation remains non-
singular and the full 3 × 3 DCM can be parameterised by the roll ϕ, pitch θ, and
yaw ψ:

R =

cψcθ cψsθsϕ − sψcϕ cψsθcϕ + sψsϕ
sψcθ sψsθsϕ + cψcϕ sψsθcϕ − cψsϕ
−sθ cθsϕ cθcϕ

 , (4.10)

where c and s abbreviate (cosine) cos and (sine) sin. The third row of R depends
only on ϕ and θ, not on ψ. This property is key: it allows attitude estimation without
a magnetometer or any other yaw reference, since the roll and pitch information is
entirely contained in the third row.
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The unit gravity direction vector in the body frame is chosen as the filter state:

xt = −gb
g

=

 sin θ
− cos θ sinϕ
− cos θ cosϕ

 , (4.11)

where g = 9.81 m/s2 and gb is the gravity direction in the three directions. The
sign convention follows from the initialisation x0 = −a0/∥a0∥, where a0 is the mean
stationary accelerometer reading making it a unit vector that points in the measured
gravity direction. At a level vehicle attitude, this gives x ≈ [0, 0, −1]T , consistent
with the ISO 8855 upward z-axis convention in which a stationary accelerometer
reads +g. The roll and pitch angles are recovered from the estimated state as

ϕ = atan2(−x2, −x3), θ = atan2
(
x1,

√
x2

2 + x2
3

)
. (4.12)

Prediction Step: Gyroscope-Driven State Propagation
The gravity direction vector evolves as the vehicle rotates. The DCM is advanced
by one time step using the measured angular velocity via the first-order discrete
approximation

Rt = Rt−1
(
I3 + ∆t [ω]×

)
, (4.13)

where [ω]× is the skew-symmetric cross-product matrix of ω = [ωx, ωy, ωz]T :

[ω]× =

 0 −ωz ωy
ωz 0 −ωx
−ωy ωx 0

 . (4.14)

This approximation is valid for small ∆t. Extracting only the third row of the
updated DCM, the state propagation becomes

xt = Φt−1 xt−1 + wt−1, (4.15)

where the state transition matrix, recomputed at each step from the gyroscope
reading yG,t−1, is

Φt−1 = I3 −∆t [yG,t−1]×, (4.16)

and the process noise is

wt−1 = ∆t [xt−1]× nG. (4.17)

Note the minus sign in Equation (4.16): the state corresponds to the transpose of
the third row of R, which introduces a sign reversal relative to Equation (4.13).
Because Φt−1 is recomputed at every iteration from the current gyroscope reading,
the filter is a linear time-varying (LTV) Kalman filter. The recursive predict–update
structure from Chapter 3 is unchanged; only Φt−1 and Qt−1 are updated at each
step.
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The process noise covariance follows from Equation (4.17):

Qt−1 = E[wt−1wT
t−1] = ∆t2 [xt−1]× ΣG [xt−1]T×, ΣG = σ2

G I3, (4.18)

where the skew-symmetric identity [x]T× = −[x]× has been applied. Although wt−1
is state-dependent, this does not violate the Kalman filter assumptions, as the state
is treated as a deterministic quantity at each conditioning step [18]. The prediction
step proceeds as

x−
t = Φt−1 xt−1, P−

t = Φt−1 Pt−1 ΦT
t−1 + Qt−1. (4.19)

External Acceleration Compensation
The accelerometer output yA,t = gt + at + nA contains the vehicle kinematic accel-
eration at in addition to gravity. To isolate gt for the attitude update, at must be
removed. In a rotating body frame, the three components of at are related to the
vehicle velocity and angular rates by

ax,t = v̇x,t − ωz,tvy,t + ωx,tvz,t, (4.20)
ay,t = v̇y,t + ωz,tvx,t − ωy,tvz,t, (4.21)
az,t = v̇z,t − ωx,tvx,t + ωy,tvy,t. (4.22)

The practical removability of each axis is summarised in Table 4.2.

Table 4.2: External acceleration compensation strategy by axis.

Axis Dominant term Treatment

Longitudinal (x) v̇x,t: braking and ac-
celeration

Discarded. v̇x,t as these signals are
available at relatively low sampling
rate, obtaining a reliable estimate is
challenging

Lateral (y) ωz,tvx,t: centripetal
during cornering

Compensated. ωz,t from gyro-
scope; vx,t from CAN bus. Residual
v̇y,t is small and modelled.

Vertical (z) ωx,tvx,t: centripetal
during pitching

Compensated. ωx,t from gyro-
scope; vx,t from CAN bus. Residual
v̇z,t is small and modelled.

The residual lateral and vertical accelerations (v̇y,t and v̇z,t) are modelled as first-
order autoregressive processes:

αt = ca αt−1 + εt, αt =
[
αy,t
αz,t

]
, (4.23)

where ca = 0.90 is the decay constant and εt is the model error. The estimate αt is
updated at each step using a low-pass IIR smoother with rate λ = 0.10:
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αt ← (1− λ) αt−1 + λαinst
t , (4.24)

where αinst
t is the instantaneous estimate computed from the current body-frame

acceleration and velocity measurements. This IIR update decouples the alpha es-
timate from the current filter state, avoiding a circular dependency between the
measurement residual and the correction term.
Dropping the negligible products ωy,tvz,t and ωy,tvy,t, the compensated lateral and
vertical accelerations become

ay,t ≈ ca αy,t−1 + ωz,tvx,t + εy,t, (4.25)
az,t ≈ ca αz,t−1 − ωx,tvx,t + εz,t. (4.26)

Measurement Update 1: Lateral and Vertical Accelerometers
Substituting Equations (4.25)–(4.26) into the accelerometer measurement model and
isolating the state-dependent component yields the corrected observation vector

zt,1 = yA,t,1 − ca αt−1 − yG,t,1 vt, (4.27)

where yA,t,1 = [yA,y, yA,z]T and yG,t,1 = [Gz, −Gx]T . This forms the standard linear
measurement equation

zt,1 = H1 xt + Υt,1, (4.28)

with measurement matrix

H1 = −g
[
0 1 0
0 0 1

]
=

[
0 −g 0
0 0 −g

]
, (4.29)

and combined measurement noise covariance

Mt,1 = Σαt + ΣGV + ΣA, (4.30)

where ΣGV = σ2
vσ

2
G I2 ≈ 1.22×10−9 I2 accounts for noise from the speed–gyro prod-

uct, ΣA = σ2
A I2 = 4 × 10−4 I2 is the accelerometer noise, and Σαt = 1

2c
2
a∥αt−1∥2 I2

approximates the model error covariance following [20]. The Kalman update follows
the standard form:

Kt,1 = P−
t HT

1

(
H1P−

t HT
1 + Mt,1

)−1
, (4.31)

x+
t = x−

t + Kt,1
(
zt,1 −H1x−

t

)
, (4.32)

P+
t = (I−Kt,1H1) P−

t . (4.33)

After this update, the second and third state elements (corresponding to R32 and
R33) are corrected by the lateral and vertical accelerometer information. The first
state element (R31) remains uncorrected because the longitudinal accelerometer axis
was discarded.
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Measurement Update 2: Unit-Norm Constraint
Since xt represents a unit-length gravity direction vector, its Euclidean norm is
constrained to unity:

xt(1)2 + xt(2)2 + xt(3)2 = 1. (4.34)

This constraint provides a second measurement that corrects the first state element
without requiring the longitudinal accelerometer. Using the corrected second and
third elements from Update 1:

zt,2 = sign
(
x+
t (1)

) √
max

(
1− x+

t (2)2 − x+
t (3)2, 0

)
, (4.35)

which satisfies zt,2 = xt(1) + δt with noise δt.
Remark. Although the square root in Equation (4.35) is nonlinear,
the measurement equation itself is linear in xt(1): zt,2 = H2 xt + δt,
with H2 =

[
1 0 0

]
. No Extended Kalman Filter extension is therefore

required.
The scalar measurement noise variance is Mt,2 = E[δ2

t ] = 1 × 10−4. The Kalman
equations for Update 2 follow the same standard form, applied to the post-Update-1
state and covariance x+

t and P+
t . After both updates, the state is renormalised to

unit length to prevent numerical drift:

x++
t ← x++

t

∥x++
t ∥

. (4.36)

The complete single-iteration algorithm is summarised in Algorithm 1.

Algorithm 1: Two-stage attitude Kalman filter (one iteration)
Inputs: x++

t−1, P++
t−1, αt−1; sensors yA, yG, v

1. Prediction: x−
t = Φt−1x++

t−1, P−
t = Φt−1P++

t−1ΦT
t−1 + Qt−1.

2. Update 1: form zt,1 via Eq. (4.27); compute Kt,1, x+
t , P+

t .
3. Update 2: form zt,2 via Eq. (4.35); compute Kt,2, x++

t , P++
t .

4. Normalise: x++
t ← x++

t /∥x++
t ∥.

5. Recover body acceleration: abody,t = yA,t + g x++
t .

6. Update alpha (IIR): αinst
t = abody,t[2 :3]−v [ωz, −ωx]T ; αt ← (1−λ)αt−1+

λαinst
t .

Global Vertical Acceleration
Once the roll and pitch angles are estimated, the body-frame accelerations are pro-
jected onto the global vertical axis. The global vertical acceleration is computed
as

z̈IMU = sin θ ax − cos θ sinϕ ay + cos θ cosϕ az, (4.37)
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where ax, ay, and az are the gravity-compensated body-frame accelerations. A
0.05 Hz high-pass filter is subsequently applied to z̈IMU to remove the residual low-
frequency bias arising from imperfect gravity compensation (see Section 3.4). The
resulting signal provides the IMU-based heave acceleration measurement used as
input to the heave observer described in Section 4.3.
The complete sensor fusion architecture is illustrated in Figure 4.2.

Figure 4.2: Sensor fusion architecture: accelerometer, gyroscope, and vehicle speed
inputs are processed through the attitude Kalman filter to produce roll, pitch, and
global vertical acceleration outputs.

4.3 Heave Observer
The heave observer estimates the vehicle body vertical acceleration by fusing two
complementary signals: the global vertical acceleration z̈IMU derived from the atti-
tude estimator (Section 4.2), and a geometric heave displacement zb reconstructed
from the four suspension corner heights. The IMU signal provides high-frequency
dynamic content with no low-frequency drift, while the suspension-derived measure-
ment provides an independent low-frequency position reference. A Kalman filter is
used to optimally combine these two complementary sources.

Geometric Heave from Suspension Deflections
The four suspension corner heights δFL, δFR, δRL, δRR are anti-aliasing filtered and
resampled to the IMU time base. The geometric body heave is obtained from the
corner-height average corrected for the estimated roll and pitch:

zb = 1
4

[
(δFL−lfθ−tfϕ)+(δFR−lfθ+tfϕ)+(δRL+lrθ−trϕ)+(δRR+lrθ+trϕ)

]
, (4.38)
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using the vehicle geometry parameters lf = lr = 1 m (CG-to-axle distance) and
tf = tr = 0 m (half-track width).

Heave Observer State Model
The observer uses a three-state kinematic model for vertical body motion:

xk =

zkżk
z̈k

 , (4.39)

where zk, żk, and z̈k are the body heave position, velocity, and acceleration. The
constant-acceleration discrete-time state transition is

xk = A xk−1 + wk, A =

1 ∆t 1
2∆t2

0 1 ∆t
0 0 1

 . (4.40)

The process noise is driven by vertical jerk, which represents unmodelled road exci-
tation and changes in body acceleration:

Qk = σ2
j,k GGT , G =

∆t3/6
∆t2/2

∆t

 . (4.41)

The jerk standard deviation is speed-scaled to account for the increase in road
excitation with vehicle speed:

σj,k = σ∗
j + 0.3 vk, (4.42)

where σ∗
j is the optimised baseline value and vk is the forward speed in m/s. This

speed-scaling reflects the physical observation that road roughness excitation in-
creases with vehicle speed. The filter is initialised with

P0 = diag
[
10−2, 10−2, 0.25

]
m2, m2/s2, m2/s4. (4.43)

Measurement Model and Pitch Gate
The observer fuses two measurements: the geometric heave position zb and the IMU-
derived vertical acceleration z̈IMU. The measurement vector and observation matrix
are

yk =
[
zb(k)
z̈IMU(k)

]
, H =

[
1 0 0
0 0 1

]
. (4.44)

The first row of H maps the suspension-derived position to the position state; the
second row maps the IMU acceleration to the acceleration state. The velocity state
is not directly observed. The measurement noise covariance is

Rk =
[
Rzb,k 0

0 Rz̈

]
, (4.45)
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where the IMU acceleration variance is fixed at Rz̈ = (0.03)2 = 9× 10−4 m2/s4, and
the suspension position variance is inflated by a pitch gate:

Rzb,k = R∗
zb

max(wθ,k, 0.05) . (4.46)

When the pitch angle is small (wθ ≈ 1), Rzb,k ≈ R∗
zb and the suspension measurement

receives its nominal confidence. As pitch increases beyond 8◦, wθ decreases toward
zero, inflating Rzb,k and directing the filter to rely primarily on the IMU. This gate
prevents the geometric heave estimate from being corrupted during heavy braking
or strong pitch events. The optimised baseline parameters σ∗

j and R∗
zb are obtained

from the grid-search procedure described in Section 5.1 and reported in Table 4.3.

Kalman Filter Implementation
At each time step the observer executes the standard predict–update cycle.

4.3.0.0.1 Prediction

x−
k = A xk−1, P−

k = A Pk−1 AT + Qk. (4.47)

4.3.0.0.2 Update
Kk = P−

k HT
(
HP−

k HT + Rk

)−1
, (4.48)

xk = x−
k + Kk

(
yk −Hx−

k

)
, Pk = (I−KkH) P−

k . (4.49)

4.3.0.0.3 Output The heave acceleration estimate is the third component of
the state vector:

z̈obs,k = x̂k,3. (4.50)
The output is band-pass filtered within the evaluation band (0.10–25 Hz) and time-
aligned to the ground-truth reference using the peak cross-correlation lag prior to
performance evaluation (Section 5.2).
Table 4.3 consolidates all heave observer design and tuning parameters.

Table 4.3: Summary of heave observer design and tuning parameters.

Parameter Description Value

σ∗
j (m/s3) Optimal baseline jerk noise std. (grid search) 0.667
R∗
zb (m2) Optimal suspension position variance 3.33× 10−5

Rz̈ (m2/s4) IMU acceleration variance (fixed) 9.00× 10−4

fHP,bias (Hz) Bias-removal high-pass cut-off on z̈IMU 0.05
fHP,eval (Hz) Evaluation band lower limit 0.10
fLP,eval (Hz) Evaluation band upper limit 25.0
lf = lr (m) CG-to-axle distance 1.492
tf = tr (m) Half-track width 0.838
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4.4 Roll and Pitch Observer
The roll and pitch observer estimates the vehicle body angular accelerations by
fusing measurements from the SRS IMU and the four suspension deflection sensors.
Although roll and pitch dynamics are mechanically coupled through the vehicle body,
the two axes are estimated independently using identical Kalman filter structures.
This parallel design is justified because the dominant dynamic characteristics of each
axis can be captured without cross-axis coupling at the linear operating point, and
it substantially reduces the complexity of the filter design and tuning. The complete
signal-processing and estimation pipeline is described below.

Sensor Signals and Pre-Processing

IMU-Derived Angular Accelerations

The SRS IMU provides angular rate measurements p (roll rate) and q (pitch rate).
Prior to differentiation, both signals are low-pass filtered at 25 Hz using a fourth-
order Butterworth filter to suppress broadband sensor noise. An anti-aliasing cut-off
is computed as

faa = min(0.45Fs, 0.45Fs,corner) , (4.51)

where Fs is the IMU sampling frequency and Fs,corner is the suspension deflection
sensor sampling frequency. This ensures that no aliasing is introduced when the
suspension signals are resampled to the IMU time base. The IMU angular accelera-
tions are obtained by differentiating the filtered angular rates using a Savitzky-Golay
derivative filter (see Section 3.3), which provides noise-robust differentiation while
preserving the shape of the derivative signal:

ϕ̈IMU = dp

dt
, θ̈IMU = dq

dt
. (4.52)

Suspension-Based Roll and Pitch Angles

The four suspension deflection sensors provide corner height measurements δFL, δFR,
δRL, δRR, where the subscripts denote front-left, front-right, rear-left, and rear-right
respectively. The suspension signals are anti-aliasing filtered and resampled to the
IMU time base using piecewise-cubic Hermite interpolation.
The vehicle is assumed to have symmetric axle geometry with parameters

lf = lr = 0 m , tf = tr = 0 m , (4.53)

where lf and lr are the longitudinal distances from the centre of gravity to the
front and rear axles, and tf and tr are the front and rear half-track widths. Un-
der the small-angle approximation, the suspension-derived roll angle is obtained by
averaging the lateral height asymmetry across both axles:

ϕsusp = 1
2

[
δFL − δFR

2tf
+ δRL − δRR

2tr

]
, (4.54)
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and the suspension-derived pitch angle is obtained from the front-to-rear average
height difference:

θsusp =
δFL + δFR

2 − δRL + δRR
2

lf + lr
. (4.55)

These geometric estimates are dominated by low-frequency body motion and serve
as complementary inputs to the high-frequency-sensitive IMU. However, since sus-
pension deflections also contain contributions from road irregularities and unsprung
mass motion, they are not treated as pure body angle measurements and receive
correspondingly low confidence in the filter.

Suspension-Derived Angular Accelerations

An additional, low-confidence angular acceleration measurement is obtained by twice
differentiating the suspension angle signals. In discrete form:

ẍk = xk − 2xk−1 + xk−2

∆t2 . (4.56)

Double differentiation amplifies high-frequency noise quadratically with frequency.
The resulting signals are therefore low-pass filtered at 8 Hz using a second-order
Butterworth filter before use. This tighter cut-off, compared with the 25 Hz limit
applied to the IMU rate channels, is necessary to suppress the noise floor that would
otherwise dominate the roll acceleration estimates. The resulting signals capture
only the low-frequency body-motion content and are used solely as weak corrective
inputs in the measurement update.

Observer State Model
The same constant-angular-acceleration kinematic model is applied independently
to both axes. For roll, the state vector is

xϕ,k =

ϕkϕ̇k
ϕ̈k

 , (4.57)

where ϕk, ϕ̇k, and ϕ̈k are the roll angle, angular rate, and angular acceleration at
time step k. An identical structure applies to pitch:

xθ,k =

θkθ̇k
θ̈k

 . (4.58)

The discrete-time state transition model is

xk = A xk−1 + wk, A =

1 ∆t 1
2∆t2

0 1 ∆t
0 0 1

 . (4.59)
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This model propagates the current angular acceleration as constant over the interval
∆t, with angular jerk acting as the stochastic driving input. The process noise
covariance is parameterised by the angular jerk standard deviation σj:

Q = σ2
j GGT , G =

∆t3/6
∆t2/2

∆t

 . (4.60)

The parameter σj controls the filter’s agility in tracking rapid changes in angular
acceleration and is determined independently for each axis through the grid-search
optimisation described in Section 5.1, yielding

σ∗
j,ϕ = 0.692 rad/s3 (roll), σ∗

j,θ = 0.998 rad/s3 (pitch). (4.61)

The filter is initialised with x̂0 = [ϕsusp(1), pIMU(1), ϕ̈IMU(1)]T (and the pitch equiv-
alent), and initial error covariance

P0 = diag
[(

π
180

)2
,

(
π

180

)2
,

(
5π
180

)2
]

rad2, rad2/s2, rad2/s4, (4.62)

reflecting moderate a priori uncertainty in angle (±1◦) and angular rate (±1◦/s),
and larger uncertainty in the initial angular acceleration (±5◦/s2).

Measurement Model
Each observer fuses four measurement signals: the suspension-derived body angle,
the IMU angular rate, the IMU-derived angular acceleration, and the suspension-
derived angular acceleration. For roll, the measurement vector is

yϕ,k =


ϕsusp,k
pIMU,k
ϕ̈IMU,k
ϕ̈susp,k

 , yθ,k =


θsusp,k
qIMU,k
θ̈IMU,k
θ̈susp,k

 . (4.63)

The measurement matrix is identical for both axes:

H =


1 0 0
0 1 0
0 0 1
0 0 1

 . (4.64)

The first row maps the suspension angle to the angle state; the second maps the IMU
rate to the rate state; and the third and fourth rows both project onto the angular
acceleration state, enabling the filter to fuse the two independent acceleration sources
in a single update step. The measurement noise covariance matrix is diagonal:

R = diag
[
Rsusp, Rϕ̇, Rϕ̈,IMU, Rϕ̈,susp

]
. (4.65)

The three fixed entries, held constant for both axes, are set from sensor specifications
and signal-processing considerations:
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Rϕ̇ =
(

0.03π
180

)2
≈ 2.74× 10−7 rad2/s2, (4.66)

Rϕ̈,IMU =
(

0.5π
180

)2
≈ 7.62× 10−5 rad2/s4, (4.67)

Rϕ̈,susp =
(

50π
180

)2
≈ 0.762 rad2/s4. (4.68)

The large variance assigned to the suspension-derived angular acceleration reflects
the substantial noise amplification introduced by double differentiation. This entry
is three to four orders of magnitude larger than the IMU acceleration variance, ensur-
ing that the suspension-derived acceleration contributes only a weak low-frequency
correction while the IMU dominates the update.
The suspension angle variance Rsusp is the primary tuning parameter, optimised
independently for each axis via grid search:

R∗
susp,ϕ = 9.14× 10−2 rad2 (roll), R∗

susp,θ = 1.02× 10−6 rad2 (pitch). (4.69)

The five-orders-of-magnitude disparity between these values reflects the fundamen-
tally different quality of the suspension-derived angle in each axis. For pitch, the
front-to-rear height difference is a clean, high-SNR measurement of the dominant
body pitching motion, and the filter assigns it near-full confidence. For roll, the
lateral height asymmetry is strongly contaminated by road cross-slope inputs and
unsprung mass dynamics, so the filter is directed to rely far more heavily on the
process model and the IMU rate signal.

Kalman Filter Implementation
At each discrete time step k, the observer executes the standard linear Kalman filter
predict–update cycle identically for both axes.

4.4.0.0.1 Prediction

x̂−
k = A x̂k−1, P−

k = A Pk−1 AT + Q. (4.70)

4.4.0.0.2 Update
Kk = P−

k HT
(
H P−

k HT + R
)−1

, (4.71)

x̂k = x̂−
k + Kk

(
yk −H x̂−

k

)
, Pk = (I−KkH) P−

k . (4.72)

4.4.0.0.3 Output The angular acceleration estimates are extracted as the third
component of each state vector:

ϕ̈obs = x̂ϕ,3, θ̈obs = x̂θ,3. (4.73)

These signals are band-pass filtered within the respective evaluation bands (0.1–
8 Hz for roll, 0.1–10 Hz for pitch) and time-aligned to the ground-truth reference
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Algorithm 2: Roll and Pitch Observer (one iteration, applied indepen-
dently to each axis)

Inputs (roll): x̂ϕ,k−1, Pϕ,k−1, pIMU,k, ϕ̈IMU,k, ϕsusp,k, ϕ̈susp,k
Inputs (pitch): x̂θ,k−1, Pθ,k−1, qIMU,k, θ̈IMU,k, θsusp,k, θ̈susp,k

Pre-processing (performed before each iteration):
1. Low-pass filter IMU angular rates at 25 Hz (4th-order Butterworth):
pf ← LPF25(p), qf ← LPF25(q).
2. Differentiate filtered rates via Savitzky–Golay filter: ϕ̈IMU = dpf/dt,
θ̈IMU = dqf/dt.
3. Compute suspension angles via Eq. (4.54)–(4.55); resample to IMU time base.
4. Compute suspension angular accelerations via Eq. (4.56); low-pass filter at 8 Hz.

For each axis ⋆ ∈ {ϕ, θ}:

5. Assemble measurement vector:
y⋆,k =

[
⋆susp,k ⋆̇IMU,k ⋆̈IMU,k ⋆̈susp,k

]T
6. Prediction step:

x̂−
⋆,k = A x̂⋆,k−1

P−
⋆,k = A P⋆,k−1 AT + Q⋆

7. Kalman gain:

K⋆,k = P−
⋆,kHT

(
H P−

⋆,kHT + R⋆

)−1

8. Update step:
x̂⋆,k = x̂−

⋆,k + K⋆,k

(
y⋆,k −H x̂−

⋆,k

)
P⋆,k = (I−K⋆,kH) P−

⋆,k

9. Extract output:
ϕ̈obs,k = x̂ϕ,k,3 θ̈obs,k = x̂θ,k,3

10. Band-pass filter outputs within evaluation bands:
Roll: 0.1–8 Hz Pitch: 0.1–10 Hz
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Table 4.4: Summary of roll and pitch observer design and tuning parameters.

Parameter Description Roll Pitch

σ∗
j (rad/s3) Optimal process noise (angular jerk std.) 0.6922 0.9977
R∗

susp (rad2) Optimal suspension angle variance 9.14× 10−2 1.02× 10−6

Rϕ̇ (rad2/s2) IMU angular rate variance (fixed) 2.74× 10−7

Rϕ̈,IMU (rad2/s4) IMU angular acceleration variance (fixed) 7.62× 10−5

Rϕ̈,susp (rad2/s4) Suspension angular acceleration variance (fixed) 7.62× 10−1

fLP,IMU (Hz) IMU angular rate low-pass cut-off 25
fLP,susp (Hz) Suspension acceleration low-pass cut-off 8
tf = tr (m) Half-track width 0.838
lf = lr (m) CG-to-axle distance 1.492
Eval. band (Hz) Frequency range for performance evaluation 0.1–8.0 0.1–10.0

using the peak cross-correlation lag prior to performance evaluation (Section 5.4
and Section 5.3).
Table 4.4 consolidates all observer parameters for both axes.
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5
Results and Performance

Evaluation

This chapter presents the performance evaluation of the proposed sensor-fusion ob-
server framework for estimating vehicle body accelerations. The evaluation is based
on vehicle measurement data provided by Volvo Cars, recorded at the Hällered
Proving Ground under representative real-world driving conditions.
The observer outputs for heave, roll, and pitch accelerations are assessed against
ground-truth signals derived from the dedicated onboard accelerometer system. A
synchronisation correction of ∆tsync = 0.020 s was applied to all channels prior
to evaluation using the peak cross-correlation lag. Performance is characterised
through a combination of time-domain metrics (RMSE, normalised RMSE, Pearson
correlation, phase lag), frequency-domain metrics (power spectral density, mean
squared coherence, mean normalised error power), and the ISO 2631-1 perceptually
weighted error, which concentrates evaluation on the frequency bands most relevant
to human ride comfort perception [24].
The chapter is structured as follows: Section 5.1 describes the tuning methodol-
ogy and cost function common to all three observers; Sections 5.2–5.4 present the
individual tuning results and performance evaluations; and Section 5.5 provides a
unified comparative discussion and directly addresses the central research question
of this thesis.

5.1 Observer Tuning Methodology
A consistent tuning strategy was applied to all three observers. For each axis, a
systematic two-stage grid-search optimisation was performed over two Kalman filter
parameters: the process noise standard deviation σj, representing the uncertainty
in the jerk dynamics, and the suspension-derived measurement variance Rsusp (or
Rzb for heave), representing the confidence assigned to the geometric suspension
measurements. A coarse sweep over a broad parameter space was first conducted to
locate the approximate global minimum, followed by a fine search in the neighbour-
hood of the coarse optimum to obtain the final tuning configuration.
The optimisation objective was formulated as a composite cost function that bal-
ances amplitude accuracy, waveform similarity, phase fidelity, and spectral perfor-
mance:

J = w1 NRMSE + w2 (1− r) + w3 NPLR + w4 NEClin, (5.1)
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where r is the Pearson correlation coefficient (waveform shape similarity), NRMSE is
the normalised root-mean-square error (amplitude accuracy), NPLR is the ground-
truth-power-weighted mean absolute phase angle normalised by π (phase fidelity
across the evaluation band), and NEClin is the mean fractional error power spectral
density within the evaluation band (spectral accuracy). All four terms are dimen-
sionless and bounded in [0, 1], so the cost J is also bounded in [0, 1], with lower
values indicating better performance. The baseline weighting vector used for all
observers was

[w1, w2, w3, w4] = [0.35, 0.25, 0.25, 0.15]. (5.2)

The highest weight is assigned to NRMSE (w1 = 0.35) because amplitude accuracy
is the most direct measure of whether the observer output could substitute for a
dedicated accelerometer signal in a downstream suspension controller, a signal with
the correct waveform shape but wrong amplitude would produce incorrect actuator
commands. The correlation and phase terms receive equal intermediate weights
(w2 = w3 = 0.25), reflecting the importance of both timing fidelity and waveform
tracking for dynamic control applications, where a phase-shifted estimate can be
more harmful than a slightly noisy one. The spectral term receives the lowest weight
(w4 = 0.15) because it is partially redundant with NRMSE and correlation in the
primary ride band, and penalising high-frequency spectral mismatch too heavily
would bias the optimisation toward over-smoothed estimates that look clean in the
frequency domain but miss transient events in the time domain.
In addition to the composite cost, observer accuracy was assessed using the ISO 2631-
1 frequency-weighting filters [24]: Wk for heave andWe/Wd for pitch and roll. Broad-
band metrics such as NRMSE weight all frequencies equally, which can be misleading
for suspension control applications where most energy lies in the 1–25 Hz primary
ride band. The ISO filters emphasise precisely the frequency bands to which the
human body is most sensitive, making the ISO-weighted error the most practically
relevant single metric for assessing ride-comfort impact. It therefore serves as a
perceptually motivated complement to the broadband error metrics throughout this
chapter.

5.2 Heave Observer: Tuning and Performance

5.2.1 Tuning and Optimisation
The heave observer was tuned by optimising σj and the suspension-derived heave
measurement variance Rzb over the evaluation dataset. The optimisation converged
to a well-defined minimum, and a sensitivity analysis confirmed that the optimal
parameter values remained invariant across five different weighting configurations
of the cost function. This invariance demonstrates that the identified optimum
reflects a physically meaningful and robust configuration rather than an artefact of
a particular weighting choice.
The relatively low value of σj = 0.667 m/s3 indicates that a smooth jerk pro-
cess model is most appropriate for heave estimation, consistent with the predomi-
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nantly low-frequency character of vertical body motion. The small value of Rzb =
3.33× 10−5 m2 reflects the high confidence assigned to the suspension-derived heave
position within the filter.
The coarse and fine optimisation landscapes are shown in Figures 5.1 and 5.2 respec-
tively, and the one-dimensional cost sensitivity around the optimum is illustrated in
Figure 5.3.

Figure 5.1: Coarse grid-search cost surface for the heave observer. The marker
indicates the identified coarse optimum.

5.2.2 Performance Evaluation
Following optimisation, the heave observer was evaluated over the frequency band
0.10–20.0 Hz. The full set of performance metrics is reported in Table 5.1.
The time-domain comparison shown in Figure 5.4 demonstrates that the observer
closely follows the dominant oscillatory characteristics of the reference heave accel-
eration throughout the evaluation interval. The Pearson correlation of 0.854 and
the envelope correlation of 0.865 confirm strong agreement in both instantaneous
waveform shape and amplitude modulation. The RMSE of 0.152 m/s2 and NRMSE
of 0.521 indicate a moderate absolute error relative to the signal amplitude, with
residual discrepancies attributable primarily to high-frequency transient events that
fall outside the primary ride band.
The frequency-domain results in Figure 5.5 show that the observer reproduces the
spectral content of the reference signal with reasonable fidelity across the primary
ride region. The mean NEC of −3.37 dB confirms that the observer error power
remains below the signal power on average. At frequencies above approximately
10 Hz, a progressive reduction in estimated spectral energy is observed, consistent
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Figure 5.2: Fine grid-search cost surface for the heave observer, zoomed into
the neighbourhood of the coarse optimum. The marker indicates the final selected
parameter combination.

Figure 5.3: One-dimensional cost sensitivity with respect to σj (left) and Rzb

(right) around the heave observer optimum.
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Table 5.1: Performance metrics for the heave acceleration observer. Evaluation
band: 0.10–20.0 Hz.

Metric Unit Value Notes

RMSE m/s2 0.1516 Absolute amplitude error
NRMSE – 0.5214 52% of ground-truth RMS
Pearson correlation (r) – 0.8544 Strong waveform tracking
Mean phase lag deg 12.89 ≈36 ms at 1 Hz
ISO 2631-1 Wk error m/s2 0.0899 Ground-truth Wk RMS = 0.2111
Mean coherence (γ̄2) – 0.554 Above 0.5 threshold
Envelope correlation – 0.8651 Hilbert amplitude
Mean NEC dB −3.37 Error power below signal power
Synchronisation lag s 0.020 Removed by cross-correlation
Tuned σ∗

j m/s3 0.667 Speed-scaled in observer
Tuned R∗

zb m2 3.33× 10−5 Pitch-gated in observer

Figure 5.4: Time-domain comparison between the estimated and reference heave
acceleration signals.
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with the low-pass characteristics introduced by the linear process model and the
filter’s noise-suppression strategy.

Figure 5.5: Power spectral density comparison between the heave observer output
and the reference signal.

From a ride-comfort perspective, the ISO 2631-1 Wk-weighted error of 0.0899 m/s2

is substantially lower than the broadband NRMSE would suggest, representing 43%
of the ground-truth Wk RMS of 0.2111 m/s2. This indicates that most estimation
inaccuracies occur outside the frequency range most perceptually significant to vehi-
cle occupants. Taken together, the heave results support a qualified positive answer
to the central research question: the SRS-based observer can reproduce heave accel-
eration to a standard sufficient for ride-comfort assessment, with strongest fidelity
in the 1–10 Hz primary ride band. The envelope comparison in Figure 5.6 further
confirms consistent vibration intensity tracking over time.
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Figure 5.6: Comparison of the Hilbert envelopes of the estimated and reference
heave acceleration signals, confirming consistent vibration intensity tracking over
the evaluation interval.

5.3 Pitch Observer: Tuning and Performance

5.3.1 Tuning and Optimisation
The pitch observer was tuned using the same two-stage grid-search procedure, op-
timising σj and the suspension-derived pitch measurement variance Rsusp. The
optimisation converged to an extremely small measurement variance of Rsusp =
1.02× 10−6 rad2, indicating that the suspension-derived pitch angle provides highly
informative and consistent observations. Consequently, the Kalman filter assigns a
substantially higher weighting to the measurement update stage compared with the
heave and roll observers. The process noise of σj = 0.998 rad/s3 reflects a moderately
dynamic angular jerk assumption.
The optimisation landscape, shown in Figures 5.8 and 5.9, exhibits a sharp and well-
defined minimum, confirming a unique and physically meaningful tuning solution.

5.3.2 Performance Evaluation
The pitch observer was evaluated over the frequency band 0.1–10 Hz. The perfor-
mance metrics are reported in Table 5.2 alongside those of the roll observer, and
demonstrate excellent agreement with the ground-truth angular acceleration signal.
The time-domain comparison in Figure 5.10 shows that the observer accurately
tracks both the phase and amplitude of the dominant pitch dynamics across the
evaluation interval. The Pearson correlation of 0.953 and envelope correlation of
0.942 indicate near-exact waveform reproduction, while the low NRMSE of 0.302
confirms a small relative amplitude error. The mean phase lag of only 3.5◦ demon-
strates highly responsive dynamic tracking with negligible estimation delay.
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Figure 5.7: One-dimensional cost slices through the optimal pitch observer tuning,
showing the sensitivity of the cost function to σj (left) and Rsusp (right).

Figure 5.8: Coarse grid-search cost surface for the pitch observer. The marker
indicates the identified optimal parameter combination.
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Figure 5.9: Fine grid-search cost surface for the pitch observer, zoomed into the
neighbourhood of the coarse optimum. The marker indicates the final selected pa-
rameter combination.

Figure 5.10: Time-domain comparison between the estimated and reference pitch
angular acceleration signals.

39



5. Results and Performance Evaluation

The frequency-domain results in Figure 5.11 confirm strong spectral agreement
across the primary pitch dynamics band. The mean coherence of 0.889 indicates
a strong linear relationship between the estimated and reference signals, and the
mean NEC of −10.18 dB confirms that the estimation error power remains substan-
tially below the signal power throughout the evaluation band. The ISO-weighted
error of 0.0330 deg/s2 further demonstrates that observer inaccuracies are concen-
trated outside the perceptually critical frequency range.

Figure 5.11: Power spectral density comparison between the estimated and refer-
ence pitch angular acceleration signals.
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Figure 5.12: Comparison of the Hilbert envelopes of the estimated and reference
pitch angular acceleration signals.

5.4 Roll Observer: Tuning and Performance

5.4.1 Tuning and Optimisation
The roll observer was tuned using the same grid-search methodology. In contrast to
the pitch observer, the optimisation converged to a large measurement variance of
Rsusp = 9.14× 10−2 rad2, indicating that the filter relies more heavily on the process
model and inertial measurements than on the suspension-derived roll angle. This
reflects the inherently lower signal-to-noise ratio and greater nonlinear content of
the roll dynamics compared with pitch and heave. The optimal process noise of
σj = 0.692 rad/s3 is consistent with a moderately smooth angular jerk assumption.
The optimisation landscape in Figures 5.14 and 5.15 shows a broader and shallower
minimum compared with the pitch observer, consistent with the reduced observabil-
ity of the roll dynamics and the lower information content of the suspension-derived
roll angle.

5.4.2 Performance Evaluation
The roll observer was evaluated over the frequency band 0.1–8 Hz. As summarised
in Table 5.2, the roll observer achieves more moderate performance than the pitch
and heave observers across all metrics.
The time-domain comparison in Figure 5.16 shows that the observer captures the
dominant low-frequency roll motion, but exhibits reduced accuracy at higher-frequency
transient events. The Pearson correlation of 0.623 and envelope correlation of 0.606
indicate a moderate correspondence with the reference signal. The NRMSE of 0.782
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Figure 5.13: One-dimensional cost slices through the optimal roll observer tuning,
showing the sensitivity of the cost function to σj (left) and Rsusp (right).

Figure 5.14: Coarse grid-search cost surface for the roll observer. The marker
indicates the identified optimal parameter combination.
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Figure 5.15: Fine grid-search cost surface for the roll observer, zoomed into the
neighbourhood of the coarse optimum. The marker indicates the final selected pa-
rameter combination.

Table 5.2: Evaluation metrics for the roll and pitch angular acceleration observers.
A synchronisation lag of 0.020 s was removed prior to evaluation.

Metric Roll Pitch

RMSE (deg/s2) 0.1826 0.0469
NRMSE 0.7819 0.3023
Pearson correlation (r) 0.6234 0.9534
Mean phase lag (deg) 19.20 3.48
ISO weighted error (deg/s2) 0.1506 0.0330
Mean coherence (γ̄2) 0.3742 0.8891
Envelope correlation 0.6057 0.9420
Mean NEC (dB) −1.65 −10.18
Synchronisation lag (s) 0.020 0.020
Tuned σj (rad/s3) 0.6922 0.9977
Tuned Rsusp (rad2) 9.14× 10−2 1.02× 10−6
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is notably higher than for heave and pitch, and the mean phase lag of 19◦ reflects a
slower dynamic response.

Figure 5.16: Time-domain comparison between the estimated and reference roll
angular acceleration signals.

The power spectral density comparison in Figure 5.17 reveals that the estimated
roll spectral energy tracks the reference in the low-frequency band but decreases
substantially at frequencies above approximately 4–5 Hz. Despite the reduced high-
frequency fidelity, the negative NEC value of −1.65 dB confirms that the observer
error power remains below the signal power on average. The ISO-weighted roll
error of 0.1506 deg/s2 indicates that the observer continues to capture the most
perceptually relevant components of the roll dynamics, even where the broadband
metrics suggest moderate agreement.

5.5 Comparative Discussion
Table 5.3 provides a consolidated summary of the key performance metrics across all
three observers, enabling a direct comparison of estimation quality for heave, pitch,
and roll.
The results reveal a clear performance hierarchy across the three estimation axes.
The pitch observer achieves the strongest overall performance, with a Pearson corre-
lation of 0.953 and a mean NEC of −10.18 dB, attributable to the high information
content and consistency of the suspension-derived pitch measurement. The heave
observer yields intermediate performance, with a correlation of 0.854 and an NEC
of −3.37 dB, while the roll observer exhibits the weakest agreement, characterised
by a correlation of 0.623 and a shallower NEC of −1.65 dB.
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Figure 5.17: Power spectral density comparison between the estimated and
ground-truth roll angular acceleration signals.

Figure 5.18: Comparison of the Hilbert envelopes of the estimated and reference
roll angular acceleration signals.
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Table 5.3: Summary of observer performance across all three axes.

Metric Heave Pitch Roll

RMSE 0.152 m/s2 0.047 deg/s2 0.183 deg/s2

NRMSE 0.521 0.302 0.782
Pearson correlation (r) 0.854 0.953 0.623
Mean phase lag (deg) 12.9 3.5 19.2
Mean coherence (γ̄2) 0.554 0.889 0.374
Envelope correlation 0.865 0.942 0.606
Mean NEC (dB) −3.37 −10.18 −1.65
ISO weighted error 0.090 m/s2 0.033 deg/s2 0.151 deg/s2

Optimal cost J 0.321 0.141 0.488

A consistent pattern is observed across all three axes in the frequency domain: the
observers reproduce the dominant low-frequency dynamics of the primary ride band
with good fidelity, while spectral energy deviates progressively from the reference at
higher frequencies. This behaviour can be attributed to two principal factors:

1. Linear model limitations. The observer is based on a linearised vehicle
model that does not account for suspension nonlinearities, tyre dynamics, load
transfer, or higher-order vehicle behaviours. These effects become increasingly
significant at higher frequencies, particularly in the secondary ride region (5–
25 Hz), where nonlinear phenomena dominate vehicle dynamics. The weaker
roll performance is largely a manifestation of this limitation, as roll dynamics
are inherently more coupled to nonlinear tyre and suspension interactions than
pitch or heave.

2. Filter frequency attenuation. The noise-suppression and numerical stabil-
ity requirements of the Kalman filter introduce effective low-pass behaviour
that attenuates rapidly varying dynamics. While this strategy is necessary to
prevent noise amplification, it reduces observer sensitivity to high-frequency
transient events.

Despite these limitations, the ISO frequency-weighted errors remain substantially
lower than the broadband NRMSE values for all three axes, indicating that estima-
tion inaccuracies are concentrated predominantly outside the frequency bands most
perceptually significant to vehicle occupants. This characteristic is particularly rel-
evant for suspension control applications, where the ability to accurately reproduce
human-sensitive vibration content is of primary practical importance.
Returning to the central research question of this thesis, whether SRS IMU data,
combined with existing suspension and speed signals, can replace dedicated body-
mounted accelerometers for suspension control, the results support a differentiated
answer. For heave and pitch, the proposed framework demonstrates estimation
quality that is sufficient for ride-comfort assessment and vehicle dynamics moni-
toring: the observers reproduce the dominant body motion content with strong
waveform fidelity, low phase lag, and ISO-weighted errors that are small relative to
the ground-truth signal levels. For roll, the observer captures the dominant low-
frequency dynamics but falls short of the accuracy achieved for the other two axes,
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particularly above 4–5 Hz. This is a consequence of the greater contamination of
the suspension-derived roll angle by road inputs and unsprung mass dynamics, com-
bined with the inherently higher nonlinear content of roll motion. Roll estimation
therefore remains viable for low-frequency ride monitoring but requires further de-
velopment, likely through nonlinear modelling or additional sensor inputs, before it
can fully replace the dedicated accelerometer for all suspension control functions.
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6
Conclusion and Future Work

6.1 Conclusion

This thesis set out to answer a practical question: can the inertial sensors al-
ready present in a vehicle’s Supplemental Restraint System, combined with existing
suspension deflection and speed signals, produce estimates of vehicle body heave,
roll, and pitch acceleration that are sufficiently accurate to replace dedicated body-
mounted accelerometers in suspension control applications? The results show that
the answer is yes for two of the three axes and conditionally promising for the third.
For heave and pitch, the proposed Kalman-filter-based observer framework achieves
estimation quality that is directly comparable to the dedicated accelerometer sys-
tem. The heave observer reproduces the dominant vertical dynamics with a Pearson
correlation of 0.854, a mean NEC of −3.37 dB, and an ISO 2631-1 Wk-weighted er-
ror of 0.090 m/s2 representing less than half the perceptually weighted signal level.
The pitch observer performs even more strongly, achieving a correlation of 0.953, a
mean NEC of −10.18 dB, and a phase lag of only 3.5◦, indicating near-exact wave-
form reproduction with negligible estimation delay. The high confidence that the
filter assigns to the suspension-derived pitch angle, reflected in the extremely small
optimised variance of 1.02× 10−6 rad2 confirms that the front-to-rear height differ-
ence is a reliable and information-rich measurement of body pitching motion that
complements the IMU effectively.
The roll observer captures the dominant low-frequency roll dynamics but achieves
more moderate overall agreement, with a Pearson correlation of 0.623 and increasing
spectral attenuation above approximately 4–5 Hz. The underlying reason is physical
rather than algorithmic: the suspension-derived roll angle is strongly contaminated
by road cross-slope inputs and unsprung mass dynamics, making it a far noisier mea-
surement than the equivalent pitch signal. The filter responds correctly by assigning
low confidence to this measurement, but the consequence is that the observer relies
more heavily on the process model and IMU rate signal, limiting its ability to track
rapid transient roll events. Roll estimation within the primary low-frequency ride
band remains useful, but the axis requires further development before it can fully
replace the dedicated accelerometer for all suspension control functions.
Three limitations of the current work should be noted. First, the observer is based
on a linearised kinematic model and does not capture suspension nonlinearities,
tyre dynamics, or load-transfer effects; these become increasingly important above
approximately 5 Hz and are the primary source of high-frequency estimation error.
Second, a consistent synchronisation lag of 0.020 s was observed between the esti-
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mated and reference signals, which is attributable to inter-ECU communication de-
lays and signal conditioning latency that were outside the scope of this study. Third,
the observer parameters were optimised on a single proving-ground dataset, and ad-
ditional validation across a broader range of vehicles, speeds, and road surfaces is
needed before the tuning can be considered robust for production deployment.
Notwithstanding these limitations, the core finding is clear. By repurposing sensors
that are already present in the vehicle, the proposed framework can deliver the
body motion information that suspension controllers require, without any additional
hardware. For two of the three axes this has been demonstrated to a standard that
is directly useful for ride-comfort assessment and vehicle dynamics monitoring. This
validates the central premise of the thesis: that sensor redundancy and hardware
cost reduction in suspension systems are achievable through intelligent fusion of
existing onboard measurements.

6.2 Future Work
The findings of this study point toward three directions for future development.
The most immediate opportunity lies in improving the fidelity of the vehicle model
underlying the observers. Replacing the current linearised kinematic model with a
higher-order representation that captures suspension nonlinearities, tyre dynamics,
and load-transfer effects would extend the useful estimation bandwidth into the sec-
ondary ride region and is likely to yield the largest improvement in roll performance
specifically. Alongside this, nonlinear estimation frameworks such as the Unscented
Kalman Filter or Extended Kalman Filter could be evaluated as drop-in replace-
ments for the linear observer structure, provided their additional computational cost
remains within the budget of a production ECU.
The second direction concerns the timing and calibration of the sensor signals. A
detailed analysis of the inter-ECU communication delays and signal conditioning la-
tency present in the current implementation would allow the observed synchronisa-
tion offset of approximately 0.020 s to be characterised, modelled, and compensated
explicitly within the filter, rather than removed as a post-processing step. Such an
approach could improve the temporal alignment between the estimated and refer-
ence signals and reduce phase-related estimation errors. In addition, adaptive or
gain-scheduled tuning strategies that automatically adjust filter parameters accord-
ing to vehicle speed, road surface, and driving manoeuvre would further improve
robustness without requiring a separate calibration campaign for each operating
condition.
The third direction is validation and integration. The observer has been evaluated
on a dataset from a single vehicle under a specific set of proving-ground conditions.
Extending the validation to a broader range of vehicles, road types, and manoeuvres
is a necessary step toward demonstrating generalisability. The ultimate goal is inte-
gration into the production suspension control software, where the observer would
operate in real time as a direct replacement for the dedicated accelerometer inputs,
and its closed-loop effect on CDC and air spring control quality could be assessed
end-to-end.
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A
Performance Metric Definitions

This appendix provides the complete mathematical definitions of all performance
metrics used in Chapter 5. Let ŝ(n) denote the observer output and s(n) the ground-
truth reference signal, both evaluated at N discrete time steps n = 1, . . . , N , after
synchronisation lag removal.

Time-Domain Metrics

A.0.0.0.1 Root Mean Square Error (RMSE).

RMSE =

√√√√ 1
N

N∑
n=1

(
ŝ(n)− s(n)

)2
. (A.1)

A.0.0.0.2 Normalised RMSE (NRMSE). The RMSE normalised by the RMS
of the ground-truth signal:

NRMSE = RMSE√√√√ 1
N

N∑
n=1

s(n)2

. (A.2)

A value of 0 indicates perfect estimation; a value of 1 indicates that the error energy
equals the signal energy.

A.0.0.0.3 Pearson Correlation Coefficient (r).

r =

N∑
n=1

(
ŝ(n)− ¯̂s

)(
s(n)− s̄

)
√√√√ N∑
n=1

(
ŝ(n)− ¯̂s

)2
√√√√ N∑
n=1

(
s(n)− s̄

)2
, (A.3)

where ¯̂s and s̄ are the respective signal means.

A.0.0.0.4 Envelope Correlation. The Pearson correlation coefficient computed
on the Hilbert envelopes |H{ŝ}| and |H{s}|, where H denotes the analytic signal ob-
tained via the Hilbert transform. This metric quantifies agreement in instantaneous
amplitude modulation independently of waveform phase.
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Frequency-Domain Metrics

A.0.0.0.5 Mean Squared Coherence (γ̄2). The magnitude-squared coher-
ence at frequency f is

γ2(f) = |Pŝs(f)|2
Pŝŝ(f)Pss(f) , (A.4)

where Pŝs(f) is the cross-power spectral density and Pŝŝ(f) and Pss(f) are the auto-
power spectral densities, estimated using Welch’s method. The mean coherence over
the evaluation band [flow, fhigh] is reported:

γ̄2 = 1
|F |

∑
f∈F

γ2(f). (A.5)

A.0.0.0.6 Normalised Phase Lag Ratio (NPLR). The phase angle between
ŝ and s at frequency f is φ(f) = ∠Pŝs(f). The NPLR weights the absolute phase
by the ground-truth power and normalises by π:

NPLR = 1
π

∑
f∈F

Pss(f) |φ(f)|∑
f∈F

Pss(f)
. (A.6)

This metric emphasises phase error at frequencies where the reference signal con-
tains the greatest energy, thereby providing a weighted measure of phase agreement
between the estimated and ground-truth signals.

A.0.0.0.7 Normalised Error Power Coefficient (NEClin).

NEClin =

∑
f∈F

Pee(f)∑
f∈F

Pss(f)
, (A.7)

where Pee(f) is the PSD of the error signal e(n) = ŝ(n)− s(n). The reported value
in Chapter 5 is

NECdB = 10 log10 (NEClin) . (A.8)

Perceptually Weighted Metric

A.0.0.0.8 ISO 2631-1 Frequency-Weighted RMS Error. The ISO 2631-
1:1997 [24] Wk weighting filter is applied to the error signal and the RMS of the fil-
tered result is reported. The discrete-time approximation used in this study consists
of a cascade of a second-order high-pass filter (f1 = 0.4 Hz), a first-order band-pass
section (f2 = 1 Hz to f3 = 12.5 Hz), and a second-order low-pass filter (f4 = 12.5 Hz),
with unity gain normalised at 4 Hz. For pitch and roll motions, the same weight-
ing filter is adopted as a practical approximation of the ISO 2631-1 We and Wd

weightings, owing to their similar pass-band characteristics.
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B
Sensor and Hardware

Specifications

The specifications presented in Table B.1 correspond to the 0 used throughout this
study and provide the basis for the sensor noise characterisation adopted in the
observer design.

Table B.1: 0 key specifications used in the observer design.

Parameter Value Notes

Accelerometer axes 0
Accelerometer range 0 Crash-optimised
Accelerometer noise std 0 Used in ΣA

Gyroscope axes 0
Gyroscope range 0
Gyroscope noise std 0 0
CAN output rate 0 After internal filtering
Signal latency (CAN output) 0 Source of synchronisation offset

Table B.2: Vehicle geometry parameters used in all three observers.

Parameter Symbol Value Description

CG-to-front-axle lf 0 m Longitudinal distance from CG
CG-to-rear-axle lr 0 m Longitudinal distance from CG
Front half-track tf 0 m Centreline to wheel centre
Rear half-track tr 0 m Centreline to wheel centre
Full wheelbase lf + lr 0 m Used in pitch-angle geometry
Full track width 2tf = 2tr 0 m Used in roll-angle geometry
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C
Grid Search Parameter Ranges

Tables C.1–C.3 document the parameter ranges used in the two-stage grid-search
tuning procedure (Section 5.1). All grids use logarithmically spaced points unless
otherwise stated. The cost function J (Equation 5.1) is evaluated at every grid point
and the global minimum is selected as the final tuning.

Table C.1: Grid search ranges for the heave observer.

Stage Parameter Min Max Points Spacing

Coarse σj (m/s3) 0.01 10.0 30 Log
Coarse Rzb (m2) 10−7 10−2 30 Log
Fine σj (m/s3) 0.3 1.5 25 Log
Fine Rzb (m2) 10−6 10−4 25 Log

Table C.2: Grid search ranges for the pitch observer.

Stage Parameter Min Max Points Spacing

Coarse σj (rad/s3) deg2rad(10) deg2rad(5000) 18 Log
Coarse Rsusp (rad2) deg2rad(0.1)2 deg2rad(10)2 18 Log
Fine σj (rad/s3) coarse/3 coarse×3 14 Log
Fine Rsusp (rad2) coarse/3 coarse×3 14 Log

Table C.3: Grid search ranges for the roll observer (same structure as pitch).

Stage Parameter Min Max Points Spacing

Coarse σj (rad/s3) deg2rad(10) deg2rad(5000) 18 Log
Coarse Rsusp (rad2) deg2rad(0.1)2 deg2rad(10)2 18 Log
Fine σj (rad/s3) coarse/3 coarse×3 14 Log
Fine Rsusp (rad2) coarse/3 coarse×3 14 Log

The author used generative artificial intelligence tools to assist with code docu-
mentation and language refinement during the preparation of this thesis, as noted
in [25]. All methodology development, observer design, implementation, validation,
analysis, and interpretation of results were performed by the author.
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