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Abstract

This paper investigates the potential of load based vehicle sideslip estimation. Different techniques
to measure tyre forces have been presented over the years; so far no technique has made it to the
market. This paper considers a new technology based on load sensing bearings, an industrially
viable technology, which provides accurate tyre force measurements. Based on the features of
the sensor, a vehicle sideslip angle estimator is designed, analyzed and tested. The paper shows
that direct tyre force sensing has mainly two advantages over traditional model-based estimators:
primarily, it avoids the use of tyre models, which are heavily affected by uncertainties and mod-
eling errors and secondarily, providing measurements on the road plane, it is less prone to errors
introduced by roll and pitch dynamics. Extensive simulation tests along with a detailed analysis
of experimental tests performed on an instrumented vehicle prove that the load based estimation
outperforms the kinematic model-based benchmark yielding a root mean square error of 0.15◦.
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1. Introduction

The field of wheeled vehicle active dynamics control is extremely active and vibrant both from
the academy and industrial point of views. Active safety systems, of which Electronic Stability
Control (ESC) [1], Electronic Brake Distribution (EBD) [43] and torque vectoring [42] are examples,
improve vehicle stability during critical maneuvers by applying feedback control using braking,
drive or steering actuators. Many vehicle dynamics control (VDC) systems (see for example [1, 3, 4])
need to monitor, if not control in closed loop, the vehicle sideslip angle. The vehicle sideslip angle,
defined as the angle between the vehicle longitudinal axis and the vehicle velocity vector, affects
many dynamic properties of the vehicle. It determines, for example, the vehicle yaw moment
sensitivity to steering angle [5, 6, 7]. This characteristic makes the vehicle yaw moment less
sensitive to steering at higher vehicle sideslip. Furthermore, for certain range of vehicle sideslip
and its time derivative, the vehicle motion is stable whereas outside this range i.e. outside this
stability area, the vehicle yaw dynamics are unstable. In addition, as the steering angle increases,
the stability area shrinks [8].

For the above reasons, the design and study of vehicle sideslip estimation methods has grown
into a specific subfield of the VDC literature. Many estimation methods have been presented.
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They can be classified along two main axes. On the one hand, different sensor suites call for
different approaches; on the other hand, even within a given sensor configuration, different modeling
approaches are possible.

Based on the type of sensors, the estimators can be classified into three main categories; using
only inertial measurement sensors, using inertial measurement sensors and GPS, and using more
exotic sensors. Thanks to the progress of MEMS technology, nowadays the basic vehicle sensor
configuration is represented by three accelerometers, three gyros, four wheel encoders and steering
angle. As the cost and availability of GPS sensors continues to decrease, the integration of the GPS
to this basic vehicle configuration has been considered [9, 44, 45]. The GPS information increases
the estimator accuracy; however GPS signals are known not to be reliable in some conditions,
for example, buildings in urban environment can degrade GPS accuracy. In the third category,
other sensors have been considered. For example, [47] considers magnetometers (with the obvious
risk of disturbance and noise), or [48] uses steering torque measurements to improve the sideslip
estimation. In [54], a sideslip estimator is proposed using lateral tyre force sensors and a linear tyre
model. The estimator is computationally inexpensive and effective for lateral accelerations under
0.6 g on a dry road. However, the estimator performance is not studied for lateral accelerations
in the range [0.6, 1] g where the tyre characteristics becomes nonlinear and the need for accurate
sideslip estimators is more pressing. In addition, longitudinal tyre slips are assumed to be negligible
and this might degrade the estimator performance during combined tyre slip situations.

Contributions can also be classified based on the estimation methods; all estimation approaches
are model-based. Based on the type of model employed, one can distinguish dynamic model-based
method, and kinematic model-based methods.

At the core of kinematic model-based methods lie the kinematic relations between velocities,
accelerations and angular rates. These methods neglect the forces that act on the vehicle. The
kinematic model has the advantage of not depending on any physical parameter and as a con-
sequence model calibration is simple and not affected by uncertainties. A well known nonlinear
vehicle state observer was first introduced in [18] and proved to be asymptotically stable for all
cornering conditions (non-zero yaw rate). The method is later strengthen by an online sensor bias
estimation in [37, 19]. A similar method, with a more advance Extended Kalman Filter (EKF),
is presented in [49]. The authors experimentally demonstrate the effectiveness of the method on
short maneuvers. [50] develops a sliding mode observer based on the kinematic model; the observer
is tested and analyzed in simulation. Kinematic model-based methods are reliable during transient
maneuvers, and are robust to variation of the tyre characteristics, but suffer from estimation errors
on nearly steady-state conditions. This issue is caused by an intrinsic lack of observability of the
model when the yaw rate is close to zero.

Dynamic model-based methods can overcome the observability limitation. These approaches
are based on dynamical models i.e models that describe the tyre force generation mechanism and
how it affects the vehicle dynamics. These models have the potential of being very accurate, but
require a tyre model. Many tyre models are available in the literature and are characterized by
different level of complexity and accuracy. The simplest model introduces the concept of cornering
stiffness, which is a linearization of the tyre force characteristics. The most used one is probably the
semi-empirical Pacejka Model [12]; other approaches are presented in [13, 14]. These models, when
calibrated on very specific conditions are very accurate; however the tyre forces depend on many
factors that are not generally known a priori: road friction, tyre pressure and temperature to name
a few. Identifying these parameters online has proven to be extremely challenging. Nevertheless
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dynamic-based models are used in a number of contributions. In [15], an extended Kalman filter
using adaptive linear tyre force model is studied. The tyre saturation characteristic is not considered
in this work; for the method to work, the lateral tyre forces should be more than 2000 N. The
estimator proposed in [16] is interesting as it uses online tyre cornering stiffness estimation. However
it does not work on low friction surfaces such as ice and snow. In [17], a nonlinear observer is
designed to estimate vehicle sideslip by solving Linear Matrix Inequalities (LMIs) and the estimator
gives accurate results. However, solving LMIs real-time is computationally expensive. In [10] four
types of sideslip estimators are designed and compared: a linear observer, a nonlinear observer,
an extended Kalman filter and a sliding-mode observer. From this insightful comparison, the
best among the four, the sliding-mode observer, is studied using a test vehicle in [11] showing
good results for lateral accelerations lower than 0.6 g. Dynamic model-based methods do not
suffer from observability limitations, but they suffer from limitation due to the unknown nonlinear
characteristic of the tires.

In general, dynamic and kinematic based methods have complementary properties: kinematic
methods are accurate for large sideslip angles; dynamic methods are more dependable for low
sideslip angles, where the kinematic model losses observability. In [20, 51, 52], this complementarity
is at the basis of the idea of integrating both approaches. At low frequencies, the physical model-
based estimator is used and at high frequencies, the kinematic model-based estimator is used. This
appropach requires delicate fusion or blending methods.

The estimator proposed in this paper fuses the positive features of the kinematic and dynamic
approaches by using a novel sensor configuration. The proposed sideslip estimator employs a
new Load Sensing Bearing (LSB) technology which can provide tyre force measurements [33].
Researches have been working on reliable and industrially viable methods to measure tyre force for
years. Now, several sensor configurations are becoming available. Car manufacturers have been
using measurement wheels (see for example Corrsys product [34]) to test their vehicles for years;
other options include LSB from SKF [21], tyre-embedded force sensor [22], lateral tyre force sensor
from NSK [23, 24, 25] and wheel force transducer [26]. The force sensor proposed in [22] embeds the
sensor inside the tyre; this yields one measurement per revolution and a sensor that is subject to tear
and wear. In [23, 24, 25], the lateral tyre force sensor from NSK is used to control vehicle motion.
However, for sideslip estimation, the longitudinal tyre forces are also required, especially during
combined tyre slip situations. The embedded force sensor in [22] and the wheel force transducer
in [26] require wireless transmission of the measurements. Among the above approaches, bearing
based technology is of particular interest because bearings are not subject to wear as tires, but are
spatially close to the contact patch and can thus yield accurate measurement. Furthermore, the
bearing being stationary, wireless data transfer is not necessary. Tyre force sensing is a realistic
possibility in the near future and its advantages in terms of VDC warrants investigation. Tyre
force-based control has been proven successful in lateral and longitudinal vehicle dynamics control
[21, 27, 28, 29, 30]. The present work is an extension of [31] and studies the tyre force based vehicle
sideslip estimation as it is important to implement and test the lateral vehicle dynamics control
proposed in [29, 30]. The main contributions of this work are:

1. The characteristics of the LSB sensors are studied in details and compared against the Corrsys
measurement wheels.

2. Based on the sensor characteristics, a LSB based sideslip Kalman filter is proposed. The
proposed vehicle sideslip is based on a model relating vehicle velocities and forces in the
longitudinal and lateral directions, and yaw rate. The analysis shows that the observer is
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robust to tyre nonlinearities and roll and pitch unmodelled dynamics.

3. The estimator is validated using real-life experimental data from a test vehicle.

4. A heuristic method to overcome the estimate drift, caused by the unobservability when the
vehicle yaw rate is close to zero, is proposed. The effects in terms of accuracy are studied in
simulation as well as experimental results.

5. The estimator is studied for robustness against measurement noise and different road frictions.

A multibody vehicle model with 15 mechanical degrees of freedom (DOF) from CarSim simu-
lation package [32] is used to evaluate the proposed estimator. CarSim model uses a nonlinear tyre
model with dependency on slip, load, and camber. See the vehicle configuration Ind Ind: B-Class,
Hatchback: No ABS in CarSim for more details about the vehicle model. The test data used to
validate the estimator is obtained with a BMW 5 Series E60 model equipped with LSB technology.

The paper is structured as follows. In Section 2, the kinematic model is discussed. Section
3 provides a detailed analysis on the LSB technology. The Kalman filter design is presented in
Section 4 and the estimator used to compare the proposed estimator is introduced in Section 5.
Section 6 shows validation of the proposed method in simulation using CarSim and also using
real-life experimental data from the test vehicle. Finally, Section 7 concludes the work.

2. Kinematic Model

The model used to design the vehicle sideslip estimator is explained in this section. The planar
kinematic model of the vehicle is given in (1):[

v̇x
v̇y

]
=

[
0 ψ̇

−ψ̇ 0

] [
vx
vy

]
+

[
ax
ay

]
, (1)

where ψ̇ is the planar yaw rate, vx and vy are the vehicle longitudinal and lateral velocities, and
ax and ay are the planar longitudinal and lateral accelerations of the center of gravity. Accelera-
tions are measured through MEMS accelerometers and when vehicle is subject to pitches or roll,
the measurements are corrupted by the gravitational acceleration [35, 40]. Accounting for this
phenomenon transforms (1) into:[

v̇x
v̇y

]
=

[
0 ψ̇m cos θ cosφ

−ψ̇m cos θ cosφ 0

] [
vx
vy

]
+

[
(ax,m + g sin θ)/ cos θ

(ay,m − g cos θ sinφ)/ cosφ

]
, (2)

where ψ̇m is the measured yaw rate, ax,m and ay,m are the measured accelerations, θ is the pitch
angle, φ is the roll angle and g is the gravity acceleration. The correction terms are added in (2) to
translate the measured yaw rate ψ̇m into the planar yaw rate ψ̇, and the measured accelerations ax,m
and ay,m into the planar accelerations ax and ay. In (2), the yaw rate measurements are distorted
by a cosine term whereas the gravity acceleration enters with a sine term on the accelerations.
Therefore, the acceleration measurement errors are more influential. These gravitational terms, if
not compensated, negatively affect the accuracy of any acceleration based estimation. On the other
hand, if tyre force measurements are used, the roll and pitch dynamics do not affect the estimation
model as the tyre force measurements represent the forces acting at the tyre-road contact patches,
thus on the plane of interest. In this work, such an approach is taken. The differential equations
in (3) represent the model used to design the sideslip estimator proposed in this paper.
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[
v̇x
v̇y

]
=

[
0 ψ̇

−ψ̇ 0

] [
vx
vy

]
+

[
1
m 0
0 1

m

] [
Fx
Fy

]
. (3)

In (3), m is the vehicle mass, and Fx and Fy are the vehicle planar longitudinal and lateral forces.
The planar longitudinal and lateral forces Fx and Fy are related to the measured tyre forces as
described by (??) and (??).

Fx = FxFL − FyFLδFL + FxFR − FyFRδFR + FxRL − FyRLδRL + FxRR − FyRRδRR − CaerAL
ρ

2
v2x

Fy = FyFL + FxFLδFL + FyFR + FxFRδFR + FyRL + FxRLδRL + FyRR + FxRRδRR, (4)

where Fxij and Fyij are the longitudinal and lateral forces of ij tyre, Caer is the coefficient of
aerodynamic drag, AL is the front vehicle area, ρ is the air density and δij is the road steering
angle of ij tyre. In (4), small angle approximations sin δ ≈ δ and cos δ ≈ 1 are used. As shown in
(5) and (6), the model in (3) is now written in its state space representation:

ẋ = A(t)x+B(t)u+ w, (5)

y = Cx+ v. (6)

Here A(t) =

[
0 ψ̇

−ψ̇ 0

]
, x =

[
vx
vy

]
, B(t) =

[
1
m 0
0 1

m

]
, u =

[
Fx
Fy

]
, w is the process noise, y =

vx, C =
[
1 0

]
and v is the measurement noise. The longitudinal velocity vx measurement or

estimate is assumed to be available. It can be estimated using a weighted average of the four wheel
measurements, as usually done in ABS systems [36]. The yaw rate ψ̇ and tyre forces are measured,
and the lateral velocity vy is the state to be estimated.

The vehicle sideslip β is shown graphically in Figure 1 as the angle between the vehicle longi-
tudinal axis and the vehicle velocity vector. It is defined mathematically by (7):

β ≈ vy
vx
. (7)

To get an estimate of the vehicle sideslip β, the lateral velocity vy state in (5) needs to be estimated.
This is further discussed in Section 4.
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Figure 1: Two-track vehicle model.
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3. Load Sensing Bearing

Currently, the state-of-the-art tyre force sensing is represented by measurement wheels. These
systems are accurate, but are not viable for commercial use because of high cost, encumbrance
and complex calibration procedures. In the past few years, several solutions to provide more cost-
effective tyre force sensing have been proposed [22, 23, 24, 25, 26]. Although none of them is
currently at production level, cost effective tyre force sensing is expected to become a reality. LSB
technology from SKF [33] is one of the most interesting solutions because it measures tyre forces
in addition to their primary objective of acting as a bearing. Figure 2(b) shows a LSB unit from
SKF.

(a) The instrumented test vehicle. (b) The LSB technology from SKF.

Figure 2: The instrumented test vehicle and LSB technology from SKF.

This technology is based on six strain gauges mounted on the bearing. These strains are then
processed and transformed into the longitudinal, lateral and vertical components of tyre forces, as
explained in [33]. The LSB is an industrially viable solution as it uses strain gauges, a mature
technology, whose wholesale price is typically less than 100 US dollar. The wheel bearing is also
a mature technology that is affordable and the industrial partner, SKF, is a pioneer in bearing
technology.

The LSB is calibrated with the Corrsys sensor using Multiple Linear Regression Analysis
(MLRA) between the six LSB strain gauge measurements and the Corrsys sensor measurements
[53]. Figures 3-5 show the LSB longitudinal and lateral tyre force measurements of all four test
vehicle tires during a J turn, Slalom and Lane Change maneuver.

Table 1 shows the standard deviation (SD) between the LSB and Corrsys measurements from
the three maneuvers. In table, SD is the standard deviation of the measurement error of an

Table 1: Standard deviation (SD) between the LSB and Corrsys measurements

Maneuver Force SD SDpmt SDpmvp Bias Biaspmt Biaspmvp

J turn Fx 708.48 N 8.0 % 3.0 % -65.48 N 0.8 % 0.3 %
J turn Fy 904.41 N 9.5 % 4.5 % -923.63 N 9.7 % 4.6 %
Slalom Fx 695.16 N 7.7 % 2.9 % -38.61 N 0.4 % 0.2 %
Slalom Fy 678.81 N 7.1 % 3.4 % 103.50 N 1.1 % 0.5 %
Lane Change Fx 795.57 N 9.0 % 3.4 % -69.75 N 0.8 % 0.3 %
Lane Change Fy 752.83 N 7.9 % 3.7 % -3.42 N 0.04 % 0.02 %

individual tyre force, SDpmt is the standard deviation of the measurement error of an individual
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Figure 3: LSB and Corrsys tyre force measurements during a J turn maneuver at an initial speed of 100 km/h.
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Figure 4: LSB and Corrsys tyre force measurements during a Slalom maneuver at an initial speed of 60 km/h.

tyre force as a percentage of the maximum tyre force, SDpmvp is the standard deviation of the
measurement error of the total vehicle planar force as a percentage of the maximum vehicle planar
force, Bias is the mean error of an individual tyre force, Biaspmt is the mean error of an individual
tyre force as a percentage of the maximum tyre force and Biaspmvp is the mean error of the vehicle
planar force as a percentage of the maximum vehicle planar force. In (4), Fxij and Fyij are
individual tyre forces of ij tyre, and Fx and Fy are the vehicle planar forces. The vehicle planar
forces Fx and Fy are inputs to the vehicle sideslip estimator. Therefore from Table 1, it is seen that
using the LSB technology, in the worst case scenario, the estimator inputs Fx and Fy has less than
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Figure 5: LSB and Corrsys tyre force measurements during a Lane Change maneuver at an initial speed of 104 km/h.

5% standard deviation error and bias as a percentage of their maximum. The LSBs have offsets
in the longitudinal and lateral measurements. The longitudinal offset tends to drift with time at a
rate of 6.25 N/s approximately and the lateral offset at a rate of 5.17 N/s approximately compared
to the Corrsys measurements. They are compensated using the method described in Section 4.3.
Overall, LSB’s provide an accurate measurement of the tyre forces.

3.1. LSB noise model

The above LSB error analysis summarizes the measurement device performance. In order to
derive a more accurate sensor model for the simulation study, the measurement error is studied
in the time and frequency domains. Figure 6 plots this analysis for test performed at constant
velocity. The measurement noise is not a white noise; but it has two main harmonics. The tire
revolution frequency causes the harmonic at 16 Hz whereas the load sensing bearing hub dynamics,
specifically the bearing balls, cause the harmonic at 200 Hz. Both harmonics are velocity dependent
and are modeled as an additive noise generated by a resonant parameter-varying 4th order linear
model fed with a white noise. Figure 6 also plots the validation of the proposed noise model,
showing a good match. This noise model is incorporated in all simulations discussed in the paper.

4. Kalman-based vehicle sideslip estimation

In this section, a Kalman filter [38] is designed as the vehicle sideslip estimator. Before the
estimator is designed, the system observability is studied.

4.1. Observability Analysis

The observability of the system is studied when the vehicle is going straight. In (8), the
observability matrix of the system (5)-(6) results

Oob =

[
C

CA(t)

]
=

[
1 0

0 ψ̇

]
. (8)
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Figure 6: Sample Fx noise data from the test vehicle equipped with load sensing bearings, its frequency spectrum,
sample noise model output and the noise model bode plot.

When the vehicle is going straight, the vehicle yaw rate ψ̇ is zero and therefore the observability
matrix Oob loses full rank. Hence an estimator designed based on the system in (5) and (6) would
drift due to unobservability. To handle this unobservability issue, the open loop estimator dynamics
in (3) is artificially modified as shown in (9) when |ψ̇| < 0.1 deg/s and |Fy| < 100 N.[

˙̂vx
˙̂vy

]
=

[
0 ψ̇

−ψ̇ fv

] [
v̂x
v̂y

]
+

[
1
m 0
0 1

m

] [
Fx
Fy

]
. (9)

In the above equation, fv is a negative valued function as shown in Figure 7 and is defined as:

fv =

−20

(
1− ψ̇2

(0.1 π
180)

2

)
, if |ψ̇| < 0.1 deg/s and |Fy| < 100 N

0, otherwise
(10)

The term fv is defined as a function of yaw rate to provide a smooth intervention of the observability
correction so that the estimate smoothly decays to zero. When |ψ̇| is close to zero and |Fy| < 100
N, with the modified estimator dynamics in (9), the lateral velocity estimate v̂y and therefore the

sideslip estimate β̂ converge to zero as the eigenvalue corresponding to v̂y becomes negative. This
is equivalent to adding an artificial, stabilizing, dynamics to the vehicle when the yaw rate is close
to zero. Although this is not physically motivated, it is a reasonable heuristics. In fact, the only
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driving scenarios compatible with the low yaw rate and small lateral force conditions are either
straight driving with negligible sideslip or pure, stable lateral drift on very low friction surfaces.
The latter is a very rare condition that can be discarded. A loss of stability on very low friction is
indeed possible, but the vehicle dynamics analysis shows that in those conditions the vehicle would
not be stable and thus the yaw rate would not be small. This method to determine whether the
vehicle is going straight is similar to the approach used in [41], where if the yaw rate is below a
defined threshold for a given period, it is assumed that the vehicle is going straight. However our
approach, not being time-triggered and being based on the smooth characteristic defined in (10),
yields a smoother estimation dynamics.

4.2. Estimator Design

The estimator is designed using the modified system dynamics in (9). The continuous-time

state space model in (5) and (6) with A(t) =

[
0 ψ̇

−ψ̇ fv

]
is discretized as a linear time-varying

system:

x(k + 1) = A(k)x(k) +B(k)u(k) + w(k), (11)

y(k) = C(k)x(k) + v(k). (12)

As shown in Figure 8, the Kalman filter estimates both the present state x̂(k|k) =

[
v̂x(k|k)
v̂y(k|k)

]
and

the one-step-ahead state x̂(k + 1|k) =

[
v̂x(k + 1|k)
v̂y(k + 1|k)

]
of the time varying system. The following

equations (13)-(15) describe the present state x̂(k|k) [39].

K ′ (k) = P (k|k − 1)× C (k)T
[
R+ C (k)P (k|k − 1)C (k)T

]−1
, (13)

x̂ (k|k) = x̂ (k|k − 1) +K ′ (k) [y (k)− C (k) x̂ (k|k − 1)] , (14)

P (k|k) = P (k|k − 1)−K ′ (k)C (k)P (k|k − 1) , (15)

where K ′(k) is the Kalman gain, P (k|k− 1) is the one-step-ahead state error covariance matrix at
time k − 1, R is the measurement noise covariance matrix, x̂(k|k) is the state estimate at time k,
x̂(k|k − 1) is the one-step-ahead state estimate at k − 1 and P (k|k) is the state error covariance
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matrix at time k. The following equations (16)-(18) describe the one-step-ahead predicted state
x̂(k + 1|k):

K (k) =
[
S +A (k)P (k|k − 1)C (k)T

] [
R+ C (k)P (k|k − 1)C (k)T

]−1
, (16)

x̂ (k + 1|k) =A (k) x̂ (k|k − 1) +B (k)u (k) +K (k) [y (k)− C (k) x̂ (k|k − 1)] , (17)

P (k + 1|k) = A (k)P (k|k − 1)A (k)T +Q−K (k)
[
S +A (k)P (k|k − 1)C (k)T

]T
, (18)

where K(k) is the Kalman gain, S is the cross-correlation matrix between the process and measure-
ment noise, x̂(k+1|k) is the one-step-ahead state estimate at time k, P (k+1|k) is the one-step-ahead
state error covariance matrix at time k and Q is the process noise covariance matrix.

For the simulation studies, the measurement noise covariance R is calculated from a sample
output measurement noise from the test vehicle. The process noise covariance Q is tuned during the
estimator implementation and the cross-correlation S is assumed to be zero. For studies with the
test data, Q and R matrices are found using an optimization algorithm. This is further discussed
in Section 6.2.

From the present state estimate x̂(k|k) =

[
v̂x(k|k)
v̂y(k|k)

]
, the vehicle sideslip estimate β̂(k) is calcu-

lated as:

β̂(k) =
v̂y(k|k)

v̂x(k|k)
. (19)

4.3. Sensor offset compensation

Vehicle sideslip estimators are sensitive to sensor offset values. For example, the effects of
longitudinal and lateral accelerometer offsets are studied and reported in [37]. The analysis of the
sensor bearings performance has shown that also LSB’s have offsets in the longitudinal and lateral
measurements. The following algorithm is used to compensate for them.

IF |TEN | < 2 Nm AND P < 0.1 bar

F offsetx = moving average(Fx)
(20)

IF |δ| < 0.1 deg AND |ψ̇| < 0.01 deg/s

F offsety = moving average(Fy)
(21)
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The moving average is calculated over a period of 0.2 s. In this duration, 100 measurement samples
are available. Here TEN is the engine torque and P is the brake pressure. The pressure is often
directly measured, while an estimation of the engine torque is available on all modern engines.
Note that the offset bias compensation method presented in [37] could be applied to the force
sensors as well.

5. Accelerometer based vehicle sideslip estimator

In this section, the accelerometer based vehicle sideslip estimator used to benchmark the pro-
posed estimator is introduced. The accelerometer based sideslip estimator is an implementation of
the Kinematic model-based observer design proposed in [18]. The process noise covariance Q and
measurement noise covariance R are tuned according to the same approach used to tune the force
based estimator. The cross-correlation S is assumed to be zero.

6. Results

In this section, two sets of studies are performed and their results discussed:

1. First, various simulation tests are conducted with different configurations of the proposed
vehicle sideslip estimator. The vehicle model being simulated is the CarSim multi-body
model explained in Section 1.

2. Next, the proposed estimator is validated with test data from a BMW 5 Series E60 test
vehicle. Here the objective is to study the effectiveness of the estimator in a real vehicle.
This is further discussed in Section 6.2.

6.1. Simulation Studies

In the following simulation studies, n order to account for the LSB noise in these simulations,
the longitudinal and lateral tyre force measurements from CarSim are polluted with filtered white
noise according to the noise model identified in Section 3.1.

In the first simulation, the estimator is studied with the Sine with Dwell (SWD) steering input
shown in Figure 9 at a speed of 80 km/h. In this simulation, no measurement bias is considered.
From the results shown in Figure 9, it is observed that the accelerometer based estimate does not
track the reference well. This is caused by the roll and pitch dynamics, whereas the force based
estimator is accurate. Due to the roll and pitch angle, the accelerometer measurements are not
same as the accelerations on the road plane and this error affects the accuracy of the accelerometer
based estimator. The differences in accelerations and the roll and pitch angle causing them are
shown in Figure 10. Although the differences in accelerations in Figure 10 look small in magnitude,
the sideslip estimator is sensitive to these differences because of its integral nature. On the other
hand, as the measured tyre forces represent the forces acting at the road-tyre contacts, the force
based estimate is not corrupted by the roll and pitch dynamics. It should be noted that even though
the roll angle converges to zero for t > 2.5 s, the accelerometer based estimate does not converge
to zero for t > 2.5 s because of the unobservability issue previously discussed. For the considered
SWD maneuver, in the lateral acceleration range {−0.9, 0.9} g, the force based estimator is able
to estimate vehicle sideslip with RMSE less than 0.1◦ and Normalized RMSE (NRMSE) less than
2% as shown in Table 2.
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Figure 9: Vehicle sideslip estimation during the Sine with Dwell maneuver at a vehicle speed of 80 km/h.
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Figure 10: Vehicle accelerations, roll angle and pitch angle during the Sine with Dwell maneuver at 80 km/h.

Table 2: Estimator Root Mean Square Error

Simulation type RMSEforce RMSEacc NRMSEforce NRMSEacc

Sine with Dwell 0.0716◦ 1.0662◦ 1.62% 24.14%
Double Lane Change 0.0481◦ 0.8282◦ 1.07% 24.52%
Fish Hook 0.1342◦ 1.3517◦ 4.57% 46.47%
Low friction 0.7205◦ 6.0218◦ 3.05% 25.47%
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Figures 11-13 plot the results for the Double Lane Change, Fish Hook and low friction maneu-
vers. The RMSE values of these simulations are shown in Table 2. The Double Lane Change and
Fish Hook maneuver simulation results in Figure 11 and 12 show that the force measurement based
estimator yields better accuracy than the accelerometer based estimator. As mentioned before, the
unmodeled roll and pitch dynamics degrade the accelerometer based estimator accuracy. From
Table 2, the force measurement based estimator estimates the sideslip with RMSE less than 0.15◦

and NRMSE less than 5 %.
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Figure 11: Vehicle sideslip estimation during the Double Lane Change maneuver with a vehicle speed of 80 km/h.

Next, the approach is tested on a low friction surface with friction 0.2. Figure 13 plots the
throttle and steering wheel inputs. They are chosen such that the vehicle experiences combined
slip with high vehicle sideslip values. Figure 13 and Table 2 show that even on low friction
surfaces, the force measurement based estimator estimates the vehicle sideslip accurately. This is
an advantage with respect to the physical model-based estimators discussed in Section 1 that need
information on the friction characteristics. Table 2 lists a 6◦ RMSE for the accelerometer based
estimator, whereas the force based estimator gives a RMSE of less than 0.8◦. Furthermore, in
general the estimation errors on low friction are larger; this effect is due the higher sideslip angles
reached on low friction surfaces. When normalized, the estimation errors are comparable.

The unobservability issue is studied in detail with a SWD maneuver at a vehicle speed of 80
km/h in the presence of an artifical 200 N measurement bias in Fy. The SWD steering profile as
well as the simulation results are shown in Figure 14. It is seen that without the unobservability
correction, the estimate is not accurate. The unobservability issue causes the estimate to drift,
whereas with the unobservability correction discussed in Section 4.1, the vehicle sideslip estimate
is accurate throughout the maneuver. This is seen in Figure 14. The unobservability issue is also
seen in the low friction simulation results of Figure 13. As the accelerometer based estimator does
not have the unobservability correction, when t > 22 s, the vehicle sideslip estimate drifts to higher
negative values. It is indeed important for VDC systems to have an accurate sideslip estimate in
such low friction situations because they are critical from a vehicle stability point of view. With
the unobservability correction, the force measurement based estimate is accurate and there is no
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Figure 12: Vehicle sideslip estimation during the Fish Hook maneuver with a vehicle speed of 79 km/h.

drift when t > 22 s.

6.2. Validation with Experimental Data

Here, the proposed vehicle sideslip estimator is validated using experimental data acquired with
the test vehicle. A BMW 5 Series E60 model is used as the test vehicle. The force based estimator
is also compared with the accelerometer based estimator. The test vehicle is equipped with LSB on
all four tires. The vehicle is also equipped with front road wheel steer angle sensors, wheel angular
velocity sensors, accelerometers in longitudinal and lateral directions, yaw rate sensor and laser
speed sensors in longitudinal and lateral directions. The test data is collected at the ATP proving
ground in Papenburg, Germany. The estimation algorithms do not employ the information from
the optical sensor. The optical speed sensor is only employed to compute the real sideslip against
which the algorithm are compared.

The force measurement based vehicle sideslip estimator is validated with test data from J turn,
Lane Change and Slalom maneuvers. The Q and R matrices are initialized with their values from
the simulation studies, and are further tuned using a constrained optimization algorithm. The
optimization objective is to minimize the integral of the absolute value of the estimation error
in the considered three maneuvers and it is a constrained optimization such that Q > 0 and
R > 0. The same procedure is used to tune the accelerometer based estimator. For the force

based estimator, the optimized values of Q and R are

[
0.1805 0

0 1.0167

]
and 0.001 respectively, and

for the accelerometer based estimator, the optimized values of Q and R are

[
0.1 0
0 1.0

]
and 0.01

respectively. Note that this procedure yields a single tuning for each method. The tuning is not
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Figure 13: Vehicle sideslip estimation with road friction 0.2.

changed among different maneuvers.
The J turn maneuver is performed at an initial vehicle speed of 100 km/h; Figure 15 plots the

steering profile. From Figure 15, it is observed that both the LSB based and accelerometer based
estimators are accurate during the maneuver. However, the accelerometer based estimate drifts for
t > 9 s due to the unobservability, whereas the LSB based estimate is accurate for t > 9 s. Figure
3 shows the longitudinal and lateral force measurements of all four tires.

Further validation of the estimator is performed with the experimental data from the Slalom
and Lane Change maneuvers. The results are shown in Figures 16 and 17. The vehicle experiences
lateral acceleration in the range {−1, 1} g as seen in the plots. In both maneuvers, the LSB
based method estimates the vehicle sideslip accurately and gives better estimates compared to
the accelerometer based approach. In addition, the accelerometer based estimates drift when the
vehicle is going straight because of the unobservability issue, whereas the LSB based estimates do
not drift as the issue is addressed as discussed in Section 4.1.

An interesting event happens during the Lane Change maneuver around t = 11.75 s. The
accelerometer based estimate has high error. This happens because the Lane Change maneuver
is pushing the vehicle to its limits. This is evident from the top plot of Figure 5(b) as ESC
intervention (severe braking only on the front right tyre) is present around t = 11.75 s. During
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Figure 14: Vehicle sideslip estimation during Sine with Dwell maneuver at 80 km/h in the presence of 200 N
measurement bias in Fy demonstrating the unobservability issue when the yaw rate is close to zero.
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Figure 15: Vehicle sideslip estimation using test data from a J turn maneuver at an initial vehicle speed of 100 km/h.
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Figure 16: Vehicle sideslip estimation using test data from a Slalom maneuver at an initial vehicle speed of 60 km/h.
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Figure 17: Vehicle sideslip estimation using test data from Lane Change maneuver at an initial vehicle speed of 104
km/h.

this time, pitch and roll dynamics are present, and the accelerometer based estimator is no more
accurate, whereas the LSB based estimator maintains its performance. A similar event happens at
around t = 9 s and is caused by another ESC intervention (as apparent from the braking of only
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the front left tyre in Figure 5(a)). These events demonstrate that the proposed LSB based vehicle
sideslip estimator is accurate during critical maneuvers. From the validation results in Figures
15, 16 and 17, it is concluded that the LSB based vehicle sideslip estimator is suitable for sideslip
estimation in a real vehicle.

7. Conclusions

A Load Sensing Bearing based vehicle sideslip estimator is proposed in this work. Using the
vehicle kinematic model, a Kalman filter is designed and studied as the vehicle sideslip estimator.
This work also proposes a heuristic method to handle the unobservability issue with the kinematic
model-based vehicle sideslip estimation while the yaw rate is close to zero. The proposed estimator
is extensively validated on a BMW 5 Series E60 model test vehicle equipped with LSB technology.

The proposed vehicle sideslip estimator is tested using simulation studies as well as test data.
From the simulation studies with Sine with Dwell, Double Lane Change, Fish Hook and low
friction manuevers, the proposed estimator is found to be accurate with RMSE values shown in
Table 2. Compared to the accelerometer based vehicle sideslip estimator, the proposed force based
estimator is found to be more accurate. The benefit is mainly due to the insensitivity of the force
based method to the roll and pitch dynamics. In the lateral acceleration range {−0.9, 0.9} g, the
proposed estimator shows good accuracy.

The vehicle sideslip estimator is also validated with experimental data from the test vehicle
during a J turn, Lane Change and Slalom maneuver. The results show good accuracy in the sideslip
estimation when compared with the real sideslip calculated using the laser speed sensors equipped
in the test vehicle, and the estimator is more accurate than the accelerometer based vehicle sideslip
estimator. The proposed estimator is also observed to be accurate during ESC interventions. The
ongoing research focuses on more accurate methods to calculate tyre force measurements from the
LSB strain gauges and to remove the LSB offsets.
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