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Abstract

Road bank angle is a significant lateral disturbance that causes degradation in the performance of automatic steering control
systems and vehicle stability control systems. Many vehicles active safety control systems require real time knowledge of the
vehicle side slip angle, such as rollover prevention and yaw stability control. Both road bank angle and side slip angle are too
expensive to measure in current vehicle systems. In this paper, a state and disturbance observer is designed to estimate the
road bank angle disturbance along with the vehicle lateral state (side slip angle and yaw rate) using Extended Kalman filter.
The observer combines the dynamical vehicle single track model in terms of side slip angle and yaw rate with two sensor
measurements, lateral acceleration and yaw rate, taking into account the influence of road bank angle on lateral acceleration
measurement. The performance and accuracy of the presented method is validated by experimental results.

Keywords Extended Kalman filter - Lateral disturbance - Road bank angle - Side slip angle

1 Introduction

Vehicle automation and active safety systems have gained
increased research interest in the last two decades. Many
advances in advanced driver assistant systems (ADAS) and
active safety systems have been developed and introduced
by the automotive industry, such as lane departure warning,
lane keeping assist, yaw stability control, adaptive cruise
control, evasive steering assist, and much more. In real world
applications, environmental variables and disturbances,
such as, tire-road friction coefficient, road-bank angle, road
slope, and wind deteriorate the performance of these control
systems by causing inconsistent behavior and instability in
some cases. The performance of these control systems can
be improved significantly if they can be made “environment
adaptive”. This can be achieved by real-time estimation of
these environmental variables.

This paper focuses on real time estimation of road bank
angle and side slip angle. Road bank angle can significantly
deteriorate the behavior of automatic steering control sys-
tems, such as lane keeping assist, lane centering, and evasive
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steering assist, as well as vehicle stability control systems.
Providing real-time information about road bank angle helps
such control systems to maintain a consistent and stable
behavior.

Side slip angle feedback is very important for yaw stabil-
ity control systems to control it from becoming too large,
especially on low-friction road surfaces to prevent the vehi-
cle from skidding and spinning. Many yaw stability control
systems depend on the yaw rate feedback only for enhanc-
ing vehicle stability. In this case, the control system ensures
that the vehicle yaw rate does not exceed a desired value.
However, on low surface friction roads, the yaw rate by itself
is not sufficient to stabilize the vehicle, and it is also neces-
sary to add the side slip angle as feedback and control it to
prevent it from becoming too large. A two large slip angle
reduces the tire ability to generate lateral forces and signifi-
cantly degrades the Behavior of the control system and can
cause instability. Knowledge of side slip angle is also neces-
sary for active roll stability control systems that prevent the
vehicle from rolling over.

Global Positioning System (GPS) combined with iner-
tial measurement unit methods for estimating road bank
angle and side slip angle are widely used, as in [1-5]. The
limitation of GPS-based methods in general is that they
are unreliable in urban driving environments where tall
buildings and urban canyons can prevent access to GPS

@ Springer


http://orcid.org/0000-0001-7416-0267
http://crossmark.crossref.org/dialog/?doi=10.1007/s13177-022-00323-3&domain=pdf

760 International Journal of Intelligent Transportation Systems Research (2022) 20:759-767

satellite signals and that leads to faulty estimates, that
could cause instability in control systems that are using
these estimates. Another disadvantage of the GPS-inertial
measurement unit based methods is that the inertial sensors
often have to be of very high quality in order to obtain a
reasonable drift-free estimates. High quality inertial meas-
urement units are extremely expensive to be used in current
road vehicles. In [6], lateral disturbance estimator for side
wind force and road bank angle is developed using the
linear Kalman Filter (KF). The two degrees of freedom
linear bicycle vehicle model is used. This model is linear
assuming the longitudinal speed of the vehicle is constant,
but in reality, it is constantly changing in highway driving,
which requires tuning KF separately for each speed in the
speed range (usually 0-130kph) and then construct look
up tables for Kalman gains based on speed, which is a
time-consuming process. In our method, we are also using
the same model, but we are assuming that the longitudi-
nal speed is varying and we treat it as a third state, which
makes the model no longer linear. We linearize the model
using Taylor series expansion and then we use extended
Kalman filter (EKF) instead of Kalman filter. This avoids
the time-consuming tuning process of the Kalman gains
for different speeds, and eliminates the need for look up
tables. Also, in [6], the measurement model consists of
the self-aligning torque estimate with the yaw rate meas-
urement. An accurate estimate of self-aligning torque
requires estimating lateral forces, normal forces, tire slip
angle, mechanical trail, and pneumatic trail first. Also, self-
aligning torque estimation is tire parameters dependent,
which means that if we change the tire type in the vehicle,
we have to change the parameters in the estimator, which
is impractical. In our approach, we are fusing the lateral
acceleration measurement with the yaw rate measurement.
Both measurements can be easily obtained from onboard
vehicle inexpensive sensors. In [7, 8], the recursive least
squares (RLS) method is used to estimate the road bank
angle with other variables. The disadvantage of RLS is
its reliance on a persistent excitation input signal, if the
input signals to the estimator are not dynamically persistent
enough, the estimate will diverge. In [9], a plant-inverse
based technique to estimate and compensate for the lateral
disturbances is developed. This method treats the lateral
disturbance as indeterministic, which means that the dis-
turbance can be coming from any source, it does not dis-
tinguish what the disturbance is, which means there is no
explicit estimate of road bank, which makes this method
less versatile than methods that treat the disturbance as
deterministic. In [10], A constrained dual Kalman filter
based on pdf truncation for estimation of vehicle param-
eters and road bank angle is developed. In [11], yaw rate
and roll rate are fused to estimate the bank angle and road
grade. In [12], a proportional-integral H_, filter based on
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the game theory approach is developed for bank angle esti-
mation. In [13], a multiple Model filter with two modes
is introduced for estimating the vehicle yaw-rate, lateral
velocity, road bank angle and crosswind force. In [14], the
average lumped LuGre tire model is used to estimate the
road bank angle. In [15], the road bank angle is computed
from the IMU using three axles acceleration measurements
lateral acceleration, longitudinal acceleration, and vertical
acceleration. The road bank is computed directly from a
kinematic relationship that combines these three measure-
ments. In [16], vehicle roll angle is estimated taking the
road bank angle effect in consideration. The bank angle is
treated as a general unknown input disturbance term that
is rejected by the roll bank angle observer, but not explic-
itly estimated. Deep Nueral Networks (DNN) for side slip
angle estimation were investigated in [17-19]. DNN based
methods may raise computational complexity problems. In
[20], a Factor-Graph-Based approach to estimate vehicle
sideslip angle is used.

This paper develops an approach to estimate road-bank
angle and side slip angle in real time by combining lateral
acceleration and yaw rate measurements from IMU with
the dynamical single track model. The single track model is
considered linear based on the assumption that the longitu-
dinal speed is constant. In our method, we assume that the
longitudinal speed is varying, not constant, which makes
the model no longer linear because its equations are divided
by longitudinal speed. The speed is considered as a third
state that is updated at every time step. We linearize the
model using Taylor series expansion and we use EKF for
the estimation. This way, we avoid the time consuming tun-
ing process to come up with look up tables based on speed
that has to be done if we assume the longitudinal speed is
constant and use the linear Kalman filter. The developed
estimation algorithm was validated by experimental results
on a test vehicle. It was verified that the algorithm provides
reliable road bank angle and slip angle estimation that can
be be potentially used in vehicle stability controllers.

The paper is organized as follows, the vehicle model is
explained in Section 2, followed by the observer design in
Section 3, and then experimental results in Section 4.

2 Vehicle Model

The single track model for lateral vehicle is considered for the
observer design. In this model, the left and right front tires are
represented in one single front tire and similarly the left and
right rear tires are represented by one central rear tire. The
model has two degrees of freedom, vehicle sideslip angle S,
which is defined as the angle between the longitudinal axis
of the vehicle and the orientation of the vehicle longitudi-
nal velocity vector v at the center of gravity (CG), and the
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Fig. 1 Single track model

vehicle yaw rate ys, which is defined as the rate of change
of the vehicle yaw angle. The vehicle yaw angle y is meas-
ured with respect to the global X axis. The longitudinal speed
is assumed to be constant in the single track model, which
makes the model linear The model is illustrated in Fig. 1,
taken from [21].

The lateral dynamics of the vehicle can be well repre-
sented using the side slip angle and the yaw rate of the vehicle,
described by the differential equations below [21, 22]
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where [, [, are the distances from CG to front and rear tires,
respectively and /_ is the vehicle moment of inertia about the
Z axis. Cf, C, are the cornering stiffnesses at the front and
rear tires, respectively. m is the mass of the vehicle.

The state space representation of the model is given by,
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where [ 1] is the state vector and § is the control input.
Considering the influence of road bank force, (1) becomes,
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where, F;, = mg sin() is the road bank force, and 6 is the
road bank angle as illustrated in Fig. 2, taken from the web,
where F); = mg is the normal force.

Fig. 2 Illustration of road bank angle effect

The vehicle yaw dynamics are not influenced by the road
bank force, hence (2) stays the same even in the presence of
road bank force.

The resulting state space representation of the model with
road bank angle consideration is given by,

i oty L, b
F, 0 0 Oo|F 0

The model is discretized for the EKF implementation using
euler discretization method as,

f(X) = Xg4q

100 = Bt = B+ T, (52 + (— - )wk ) + T (5)
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/.
where x;, = [ﬁk Wy vy Fbk] is the state vector after
discretization.
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3 Observer Design

In this section, we are going to design an observer to
estimate the lateral vehicle state, body side slip angle and
yaw rate, and the disturbance caused by road bank forces
using EKF. Since we are not assuming that the longitu-
dinal speed v is constant, this makes the model no longer
linear and has to be linearized.

The model is linearized using the first order Taylor series
expansion as given below,
[ o o T

ox; 0x, Ox3 0xy

% % % %

ox; 0x, 0x3 O0xy
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I

% % % %

0x; 0x, 0x3 0xy
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The resulting process jacobian matrix is given below,
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The final discritized and linearized model is given as,

Two sensor measurements are used in the observer
design, lateral acceleration and yaw rate.

The measured lateral acceleration with influence from
road bank force is given by,

F,

b
a,meas = a, + — (8)
m

The lateral acceleration is related to the single track
model states as,

a,=v(f+v) ©)
Substituting (4) in (9), and then (9) in (8) yields,
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The resulting linearized measurement model is given
below,
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The road bank force is estimated from the observer and
then we obtain the road bank angle 6 by,
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After discretizing and linearizing the model, it is now
possible to implement EKF algorithm to estimate the side
slip angle and yaw rate using the standard EKF equations.

Prediction:

A=Y

R - axk—l/k:i
X /k—1 :f(xk—l/k—l’uk)
P = Ak—lPk—l/k—lATk—l +Q

Update:
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Pk/k = (I - ch)Pk/k—l

where,
q ﬂz 0O 0 O
Q= 0 q‘l"z 0 is the covariance of the state vec-
0o 0 4% 0
0 0 0 gp?

tor, which is a design diagonal matrix, calibrated by the
designer to obtain the desired performance of the filter, and the
diagonal elements in the matrix represent the variance of the
corresponding states.
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Fig. 3 Flowchart of the implemented observer

R:[r"’

is a design diagonal matrix, calibrated by the designer to
obtain the desired performance of the filter, where the diago-
nal elements in the matrix represent the variance of the cor-
responding measurements.

P, is the error covariance matrix, which is typically set to the
identity matrix. In this case, since we have a 4th order system, it
is set to the the identity 4 X4 matrix. A, is the process Jacobian

01 00
G dp¥ 1
Ve w2 om
urement Jacobian matrix, and 1, = ¢ 1is the control input. The only
difference between linear KF and EKF is that in the EKF case the
process Jacobian A, and the measurement Jacobian C, are
updated at every time step, while they are constant in the KF case.

Figure 3. demonstrates the flowchart of the implemented
observer.

0 . . .
5 |is the measurement covariance, which
a,meas

matrix as computed above. C, = is the meas-

ap

4 Experimental Results

The algorithm was validated on a test vehicle equipped with
dSPACE AutoBox, and other sensors such as IMU steer-
ing angle sensor, and wheel speed sensor. The GPS/INS is

Table 1 Vehicle parameters

Parameter Value

m 2000 kg

I, 5152 Kgm”2
I 1.354 m

1, 1.745 m

G 143,000 N/rad
C 206,000 N/rad

installed in the vehicle to be used for the algorithm valida-
tion, but was not used in the algorithm itself. The values
of the parameters of the test vehicle that was used in the
experiment are listed in Table 1 below.

The state vector was initialized to zero,

x = [BiFu] =[0000]

The error covariance matrix P is usually initialized to
the identity matrix,

1000
0100
0010
0001

P, =

The Q and R matricies were calibrated as,

001 O 0 0

0 0001 0 0 10
Q=10 0 o001 o ’R_[omo]
0 0 0 100000

As can be seen from the process covariance matrix above,
the variance term that corresponds to the road bank angle
was chosen to be a very large value gz,2> = 100000 because
of the high uncertainty in the road bank angle, while the
covariance terms that correspond to the vehicle states were
chosen to small values becaue they have more certainty.

The road bank angle is validated by driving on roads
with previously known bank angles, and in both curved and
straight roads. For example, in Fig. 4, there are two sections
of curved roads with bank angles, the first one is 13degrees
and the second one is 19 degrees, and there is a straight sec-
tion in between with very little bank angle. In this scenario,
we started recording right before we entered the first bank,
until we exited the second bank. As can be seen in Fig. 4(a),
the estimator worked reasonably well in estimating the two
large banks, and the little bank in the straight section, with
smooth transitioning between the three different sections.
Figure 4(b) shows the vehicle speed during the maneuver.
The side slip angle and the yaw rate were validated with
measurements from the GPS/INS system, as can be seen
in Fig. 4(c), which shows the side slip angle estimate, and
Fig. 4(d), which shows the yaw rate estimate.

Figure 5 demonstrates driving on a test track with 6
lanes road with different known banks. The bank starts
in lane 6 with 38 degrees and then decreases gradually as
we transition from lane 6 to lane 1. Figures 5(a), (b), (¢),
(d), (e), (f) show the bank angle estimation results on a 38
degrees, 18 degrees, 8 degrees, 2.5 degrees, 1.5 degrees,
1 degrees. It is worth mentioning that the speeds chosen
reflect the speed limit for each lane but not necessarily the
vehicle speed. We drove on all 6 lanes and took separate
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Fig.4 a Estimated road bank
angle. b Vehicle longitudinal
speed during the maneuver. ¢
Estimated side slip angle com-
pared with the side slip angle
from GPS/INS measurement d
Estimated yaw rate compared
with the yaw rate from GPS/
INS measurement
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Fig.5 Driving on a 6 lanes road. a Lane 6, 38 degrees. b Lane 5, 18
degrees. ¢ Lane 4, 8 degrees. d Lane 3, 2.5 degrees. e Lane 2, 1.5
degrees. f Lane 1, 1 degrees. The titles of all graphs indicate the lane

recording on each lane. As can be seen from the recorded
data in Fig. 4, our road bank angle estimate started with
about 38 degrees and decreased as expected as we transi-
tioned to the lanes with less bank.

5 Conclusion and Future Work

This paper developed a real-time observer for estimation
of road bank angle and side slip angle using inexpensive
on board vehicle sensors. The algorithm utilizes a combi-
nation of yaw rate and lateral acceleration measurements
from IMU and a vehicle model that describes the vehicle
lateral motion in terms of side slip angle and yaw rate. The
developed algorithm was evaluated through experimental
tests on a prototype vehicle on a test track with previously
known bank angles. The results of the side slip angle and
yaw rate angle were compared with the estimate from a GPS/
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number and the speed limit as indicated by the test track and not nec-
essarily the speed of the test vehicle during the maneuver

INS system installed in the vehicle. The experimental results
show that the algorithm provides estimates with reasonable
accuracy for the vehicle side slip angel and road bank angle
in various manauvers.

The limitation of this approach is that it does not work
at very low speeds below 10 mps because at such speeds,
there isn’t enough lateral forces to generate slip. To over-
come this limitation, we are currently working on combin-
ing this model with a kinematic model. We switch to the
Kinematic model only at the speed threshold mentioned
above because kinematic models works only at very low
speeds.

Declarations

Conflict of Interest The authors declare that they have no conflict of
interest.

@ Springer



766

International Journal of Intelligent Transportation Systems Research (2022) 20:759-767

References

10.

11.

12.

13.

Boucher, C., Noyer, J.C.: A general framework for 3-D parameters
estimation of roads using GPS, OSM and DEM data. Sensors
18(1), 41 (2018)

Ryu, J., Gerdes, J.C.: Estimation of vehicle roll and road bank
angle. In: Proceedings of the 2004 American control conference,
vol. 3, pp. 2110-2115. IEEE (2004)

Hahn, J.O., Rajamani, R., You, S.H., Lee, K.I.: Real-time identi-
fication of road-bank angle using differential GPS. IEEE Trans.
Control Syst. Technol. 12(4), 589-599 (2004)

Ryu, J.: State and parameter estimation for vehicle dynamics con-
trol using GPS. Stanford University, Stanford (2005)

Brown, L.S., Bevly, D.M.: Roll and bank estimation using GPS/
INS and suspension deflections. Electronics 4(1), 118-149 (2015)
Kim, K.W., Lee, S.B., Park, C.S., Yi, K.: Estimation of lateral dis-
turbance under parameter uncertainties. Int. J. Automot. Technol.
16(3), 427-433 (2015)

Acosta, M., Alatorre, A., Kanarachos, S., Victorino, A., Charara,
A.: Estimation of tire forces, road grade, and road bank angle
using tire model-less approaches and Fuzzy Logic. IFAC-Paper-
sOnLine 50(1), 14836-14842 (2017)

Jiang, K., Victorino, A.C. and Charara, A.: Adaptive estimation
of vehicle dynamics through RLS and Kalman filter approaches.
In: 2015 IEEE 18th International Conference on Intelligent Trans-
portation Systems, pp. 1741-1746. IEEE (2015)

Zhou, S., Zheng, M., Zhang, F., Tomizuka, M.: Synthesized
disturbance observer for vehicle lateral disturbance rejection.
In: 2018 Annual American Control Conference (ACC), pp. 398—
403. IEEE (2018)

Boada, B.L., Garcia-Pozuelo, D., Boada, M.J.L., Diaz, V.: A
constrained dual Kalman filter based on pdf truncation for esti-
mation of vehicle parameters and road bank angle: Analysis and
experimental validation. IEEE Trans. Intell. Transp. Syst. 18(4),
1006-1016 (2016)

Fnadi, M., Plumet, F. and Amar, F.B.: Road bank and road grade
angles estimation for a double steering off-road mobile robot. In:
IFToMM World Congress on Mechanism and Machine Science,
pp. 1771-1780. Springer, Cham (2019)

Kim, J., Lee, H., Choi, S.: A robust road bank angle estimation
based on a proportional-integral Hoo filter. Proc. Inst. Mech. Eng.
Pt. DJ. Automobile Eng. 226(6), 779-794 (2012)

Rubin, D., Gutman, P.O., Oshman, Y., Jodorkovsky, M.: State
and disturbance estimation for a road vehicle via IMM filtering.

@ Springer

14.

16.

17.

18.

19.

20.

21.

22.

In: 2016 American Control Conference (ACC), pp 2403-2408.
IEEE (2016)

Hashemi, E., Khajepour, A., Moshchuk, N., Chen, S.-K.: Real-
time road bank estimation with disturbance observers for vehi-
cle control systems. IEEE Trans. Control Syst. Technol. 30(1),
443-450 (2022)

. Yang, X., Zhu, J., Pan, Z., Li, B., Wang, R.: Adaptive estimator

for vehicle roll and road bank angles using inertial sensors. 2020
4th CAA International Conference on Vehicular Control and Intel-
ligence (CVCI) (2020)

Yang, X., Wu, C., He, Y., Lu, X.-Y., Chen, T.: A dynamic rollover
prediction index of heavy-duty vehicles with a real-time param-
eter estimation algorithm using NLMS method. IEEE Trans. Veh.
Technol. 71(3), 2734-2748 (2022)

Gonzalez, L.P., Sanchez, S.S., Garcia-Guzman, J., Boada, M.J.L.,
Boada, B.L.: Simultaneous estimation of vehicle roll and sideslip
angles through a deep learning approach. Sensors 20(13), 3679
(2020)

Dongchan, K., Kyushik, M., Hayoung, K., Kunsoo, H.: Vehicle
sideslip angle estimation using deep ensemble-based adaptive
Kalman filter. Mech. Syst. Signal Process 144 (2020)

Liu, J., Wang, Z., Zhang, L.: A time-delay neural network of side-
slip angle estimation for in-wheel motor drive electric vehicles.
2020 IEEE 91st Vehicular Technology Conference (VTC2020-
Spring), pp. 1-5 (2020)

Leanza, A., Reina, G., Blanco-Claraco, J.-L.: A factor-graph-
based approach to vehicle sideslip angle estimation. Sensors 16,
5409 (2021)

Rajamani, R.: Vehicle dynamics and control. Springer Science &
Business Media (2011)

Ackermann, J.: Robust control prevents car skidding. IEEE Con-
trol Syst. Mag. 17(3), 23-31 (1997)

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Springer Nature or its licensor holds exclusive rights to this article under
a publishing agreement with the author(s) or other rightsholder(s);
author self-archiving of the accepted manuscript version of this article
is solely governed by the terms of such publishing agreement and
applicable law.



International Journal of Intelligent Transportation Systems Research (2022) 20:759-767 767

Lubna Khasawneh received her
M.S and Ph.D. degrees in Sys-
tems Engineering from Oakland
University, USA, department of
Electrical and Computer Engi-
neering. She worked as a teacher
Assistant at Oakland Univer-
sity 2012-2016. She worked at
Continental Automotive, in the
ADAS Research and Develop-
ment Department 2016-2018. In
2018, she joined Stellantis ADAS
Advanced Development team, and currently responsible for motion
control development.

Manohar Das received his B. Tech
and M. Tech degrees in Radio
Physics and Electronics from the
University of Calcutta, India, and
M.S and Ph.D. degrees in Electri-
cal Engineering from Colorado
State University, USA. He joined
Oakland University in 1984, as an
Assistant Professor of Engineering,
and currently serves there as a Pro-
| fessor in the Department of Elec-
trical and Computer Engineering.
He has seven years of industrial
experience in India, and several
years of consulting experience with
Chrysler Corporation and Ford Motor Company. His research areas
include Modeling Charge/Discharge Processes of Li-ion Batteries,
Adaptive Controls, System Modeling and System Identification, Digital
Signal Processing, Image Processing, Pattern Recognition, and Data
Compression. He has supervised 23 Ph.D. dissertations in these areas
and currently serves as the supervisor of 5 doctoral students. He has
published about 145 papers/articles in journals, books, and conference
proceedings and holds four US patents. He served as a Technical Edi-
tor of Simulation Journal, and a reviewer for Electronics Letters, some
MDPI Journals, IEEE Transactions on Automatic Control, IEEE Trans-
actions on Signal Processing, IEEE Transactions on Image Processing,
IEEE Transactions on Education, IEE Proceedings, and a number of
international conferences.

@ Springer



	Real Time Estimation of Road Bank Disturbance and Vehicle Side Slip Angle
	Abstract
	1 Introduction
	2 Vehicle Model
	3 Observer Design
	4 Experimental Results
	5 Conclusion and Future Work
	References


