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Abstract

Vehicle characteristics have a substantial
impact on handling, stability, and the
propensity to topple over. Two methods for
estimating the inertia values of a ground
vehicle in real time are presented in this study.
In order to account for the uncertainties, the
uncertain vehicle model uses the Generalized
Polynomial Chaos (gPC) approach, which
yields a probability density function for every
variable. If one wants to estimate the values of
the parameters, they may employ any number of
statistical methods to these PDFs. This case
employs the Maximum A-Posteriori (MAP)
estimator. The MAP estimate maximizes the
distribution of P(|z), but where is the vector of
parameter PDFs and what is the observable
sensor comparison? Applying an adaptive
filtering method is an additional option. The
Kalman Filter is one kind of adaptive filter. It is
possible to update the parameter distributions'
PDFs at each time step by integrating it with
the gPC theory. The median values of these
PDFs are adjusted by the filter to be closer to
the actual values.

Introduction

The robust design of vehicle control systems
allows them to withstand inaccurate parameter
values. When you load and unload the car, it
generates these erroneous parameter values.
Normally, this wouldn't be a major concern, but
in the case of stopping vehicles from flipping
over, it might have catastrophic consequences.
More accurate parameter measurements are
beneficial to control systems because to the
discontinuity nature of vehicle rollovers.

Estimating these changes and providing
updates for the on-board systems are the goals
of this study. It is important to consider many
factors. First things first: figure out how you'll
get your data. The second is picking a model

that can forecast the important parameters with
less data. Our research presents two methods
that may be used independently of a terrain
profile to calculate the mass and moment of
inertia of a vehicle while it is in motion in two
dimensions (pitch and roll). To accomplish our
objectives, we use Bayesian statistics in
conjunction with a combination of the Extended
Kalman Filter and the mathematical strategy of
Generalized Polynomial Chaos.

as gPC. The computational efficiency of
estimating parameter uncertainty is enhanced
by the Generalized Polynomial Chaos method
[4, 12, 23, 24].

A Review of the Existing Literature The
methods used to estimate parameter values are
as diverse as the fields in which they fall.
Possibly, features of electrical gadgets are the
important considerations [11]. There are a
plethora of effective methods for making
estimates, such as Genetic Algorithms,
Lyapunov Stability, Kalman Filtering, and
many more [1, 13, 14, 17, 21]. Parameter
estimate in vehicle dynamics is similar to
parameter estimation in other domains [6].
Possible unknowns include vehicle mass,
inertia, aerodynamic drag coefficient, spring
stiffness, suspension damping, and a host of
others. An approximation of the vehicle's mass
and moment of inertia is computed using a
variety of methods. To determine the mass of a
vehicle, one may take into account factors like
the torque produced by the engine, the inertia of
the drivetrain, the resistance to wind, the rolling
resistance of the tires, and the gradient of the
road [7, 13, 21]. As stated in [21], this problem
occurs because the evaluation of the vehicle's
rolling resistance—a measure that changes non-
trivially over time—is especially affected by
the estimate of the other parameters. Some
methods for estimating various vehicle
attributes are shown in [17]. The writers of this
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study ascertain the vehicle's mass, horizontal
center of gravity, and pitch and roll moments of
inertia. Regrettably, this estimate approach
relies on the assumption that the road noise is
Gaussian white noise, which is not always true.
A terrain profile is essential because non-trivial
estimate mistakes might result from incorrect
anticipated parameters.

Mechanics of Moving Vehicles

Vehicle dynamics often use seven-DOF base
excitation models like the one shownin Figure
1. The chassis, also called the sprung mass, is
what holds the model's suspension components
and wheels together (denoted as unsprung
masses). The model first utilizes the tire
dynamics to get the unsprung masses excited by
the terrain profile, and then it uses the
suspension components to get the sprung
masses excited. The current research eliminates
the need for a specific terrain profile, and the
model adds the roll degree of freedom in
addition to the vertical bounce and pitch
degrees of freedom previously studied in [15].
This is crucial because it would be impossible
to determine the roll inertia of the wvehicle
without taking its roll motion into account.

Fig. 1. The seven-DOF vehicle model's
dynamics.

The values for the four unsprung masses are
denoted by the parameters m1, m2, m3, and m4.
For tires, that number is kt, which stands for
stiffness. The geometric properties of the
sprung mass are described by the parameters a,
b, r, I, L, B (whereaand b are the distances from
the front and rear axles to the center of gravity
of the sprung mass, r and | are the
corresponding distances from the right and left
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sides of the vehicle, and L and B are the
wheelbase and track, respectively).

transport system). Front and rear wheel
damping and stiffness are represented by the
parameters kf and bf, respectively. The four
vertical acceleration movements of the wheels
are used as inputs in the updated model of the
seven DOF system. This eliminates the
requirement to know the stiffness, weight, and
damping of the unsprung masses, as well as the
terrain profile, reducing the computational
complexity. As seen in Figure 2, this new model
allows for the sprung mass to vertically bounce,
rotate in the pitch axis, and roll in the yaw axis,
for a total of three degrees of freedom.

As shown in Fig. 2, the model's dynamics
include three distinct degrees of freedom.

The following assumptions were used in the
development of this model: low lateral velocity,
low vyaw velocity, low longitudinal
acceleration, low lateral acceleration, low roll
angle, low pitch angle, linear suspension
elements, front-and-rear-element symmetry
(kfr = kf I = kf), and low angular accelerations
and angular rates.

One "center" is used for the sprung mass, while
another is used for the collection of unsprung
masses. Height, pitch, and roll of the center of
mass determine the "center” of the sprung mass.
The geometric mean height, zu, cg, roll, u, cg,
and pitch, u, cg, for each body is used to define
the center of gravity for the unsprung masses in
this adaptation of the quarter car model; the
centers of gravity for the ensemble of the
unsprung masses in vertical bounce, pitch, and
roll are thus described as:
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Accelerations are  measured by ac
accelerometers on the instrumented vehicle,
therefore similar relations to Equations (1), (2),
and (3) may be stated in terms of accelerations.
The resulting accelerations are used as inputs in
the following three equations: (4), (5), and (6).
(6). Wheel vertical displacements are denoted
by the parameters zf I, zfr, zrl, and zrr,
respectively. The sprung mass's dynamic
equations of motion are specified by the
following, where Mu, Jpitch, and Jroll are the
unknown quantities that represent the sprung
mass's mass, pitch inertia, and roll inertia,
respectively.

M7= Z f,-] e )
i=fl, fr.elre

J piteh H = Tp.‘u =1 pitch gu.: ] (3)

Jru.'.fﬁ-t; - Trral'n' = J!f'u.fl' ‘uglf.u' {6]

How much the centers of mass of the
unsprung and sprung bodies are off
from one another in the vertical (Z),
pitch (), and roll () directions.

Z= Zren = Tug f] {?]
H - 9.1'.{ - tcjau.l'.:; {3]
0= ‘b.t.r.u N "Dar.:g {l}]

Using the relative dis placements, the following
are the forces and moments acting on the sprung
m ass system:
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Research Methodology

Here, we'll go through the many sensors and
other instruments that play a role in achieving
this goal. The estimators' mathematical
foundations are laid forth here as well.

Collection of Sensor Data

Synthetic sensor data is generated by a seven
degrees of freedom car model driving down a
simulated route. Using sine and cosine
functions with frequencies of 0.77 Hz and 8.3
Hz and magnitudes of 3 cm and 0.3 cm,
respectively, and step functions, a synthetic
road profile is generated.

Methodology  for
Variables

Estimating  Vague

The dynamics of the model describe the
parameters to be estimated as having unknown
values. Generalized polynomial chaos is used
as a mathematical approach to allow the
uncertainty in the parameters to be transmitted
to the model's dynamics (gPC). Setting initial
values for the model's para parameters, as
illustrated in Equations (16)— (18), is the
starting point.

JIWH.‘I'.‘I' = m + &m;m (Iﬁ)
JPl’nh = JP!H'J'.' + ‘ﬁ.h'.-u. i (”)
Jrolt = Jrati + A, (18)

Due to the unpredictability of these factors, the
answers to the differential equations will
likewise be approximate. In gPC, the state
space looks like this:
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Parameter values are explicitly added to the
state space vector, which means:
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"state variable j" and "x 1 j," which stands for
the i-th term of the power series. Similarly, v |
j is the notation for the i-th term in the power
series expansion of the j-th velocity variable in
state space. P | d is the standard notation for
parameter descriptions; d stands for the
parameter index and I is the index of the power
series coefficient. Each gPC series has an I()
term that is the tensor product of the basis
functions and the random variables that are
used to span the range of the unknown
parameters. Legendre polynomials and other
orthonormal polynomials form the basis
functions. See references [8, 18, 19, 23, 25] for
further details. To get the coefficients of these
power series, the collocation technique is used.
Although there are several similarities between
the collocation approach and Monte Carlo
simulations, two important differences exist.
We choose certain areas first. After that, all of
the solutions are combined using the
collocation matrix. It is possible to define the
collocation matrix as follows:

Aji=¥'(8) @)

where the i-th index represents the basis
functions' tensor project and the j-th index
represents the points selected from the
collocation points. The vectors representing the
collocation points are as follows:

o=[d...¢] @)

Where j is the row of points, in the range (1, j)S,
and d is the index of the points picked for each
unsure parameter. In most cases, 3S Q 4S
collocations are necessary for a stable solution
[5]. This leads to the following solution for the
coefficients:

[}
KM= (4. X(T) (23)
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The Moore-Penrose pseudo-inverse is denoted
by A#. Using the i-th row vector of collocation
points, we may derive the i-th set of state space
parameters from the dynamics, denoted by x |
and the j-the set of power series coefficients,
denoted by x j.

methods of estimation

Section 4.2 demonstrates how the model's
dynamics are affected by the uncertainty. Once
the system is built, the result is a stochastic
solution that does little more than spread the
uncertainty about. The following two sections
elaborate on the techniques used to make such
estimates.

Adaptive Kalman Filtering with a Time
Delay

To write out the state space form of a system of
differential equations, one may say:

r=f(x)+w (24)
Where:
T 5e
X=X X Vi) (23)

And w is the vector of process noise. The
system measurement equation is defined as:

Z=h(x)+v (26)

The state vector is a part of an observed
solution, represented by the observation matrix
h. The sensor noise is denoted by the vector v.
Linear systems are ideal for the Kalman Filter.
The goal of the Extended Kalman Filter (EKF)
is to create a roughly linear system by
linearizing the system mechanics. This is
achieved by doing a linearization of the system
dynamics and evaluation of the observation
matrices at each time step, k:

of (x)
Fi = j.-__l.\:n (27
i

Gh(x)
i = Th: 1

The EKF equation is:



Journal of Management & Entrepreneurship
ISSN 2229-5348

X = x: + Kz - Hen) (20)

The system takes the initial forecast (or model
solution), x f k , and updates it through the
Kalman Update equations, Kk, and the residual,
(zk — Hk * XxK), to update the state variables, x
u k. The Kalman Update equation is defined as:

-1
K= My H (H M H] +Ry) (30)

The covariance matrices, MKk, and, Pk are thus
obtained as:

M =0, P D+ G, (31

P;.- = {; - XJ.' HLJ M*. (32)

he system covariance matrix, Mk, is created
through the functional matrix, ®k, and the
forecasted system covariance, Pk—1. The Rk
matrix is the measurement noise matrix,
defined as:

Ry = E(w') (33)

E is the mathematical expectation operator. Qk
is the matrix that describes the discrete process
noise matrix, through the process noise matrix,

Q.

@y =e"" (34)
0= E(ww’) (35)
T,
Q= f Oy Q . dt (36)
1)

More explicit detailing and implementation of
the EKF can be found in [10, 22, 26].

The Generalized Polynomial Chaos -
Extended Kalman Filter

The EKF equations are modified to accept the
gPC power series solutions of the state
variables. The gPC method calculates the
covariances of the variables through
multiplication of the power series coefficients
as defined by Equation (37), for normalized
basis functions:
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For gPC-EKF the Kalman Update equation is
defined as:

X =x" 4 K (wo (i~ 1) - Hi') (38)

5 -1
Ki = cov(x}, p) H] (Ri + Hicov (%1 2. X120 H]) (39)

More explicit derivation of this equation can be
found in reference [3]. The indexes are defined
as: The subscript k indexes time. The u and f
superscripts denote the updated and forecasted
state space vectors. The superscript i indexes
the term of the power series. The 1 . . . 2n
subscript denotes that only the state variables,
and not the parameters are to be used here. T is
the matrix transpose operator. The variables are
defined as: z is the vector of the sensor signals.
R is the sensor signal noise matrix § is the dirac
delta function H is the linearized observation
matrix p is the vector of parameters.

Bayesian Statistics

Parameter values may be estimated using
Bayesian Statistics. The method relies on the
assumption that the discrepancy between the
signal and the model follows a normal
distribution. Parameter estimation within a
Bayesian framework is described as:

Plz|p]P
P[plz]:w (40)

If you're only trying to get an idea of
something's likely size, you may safely
disregard the word P [z] as a constant scaling
factor. Because of this, we may simplify
Equation (41) to:

Plplz)«Plzlp)P|p] (41)

The posterior density function of parameter
values P[pl|z] is a statistical measure of how
likely it is that a certain parameter value really
exists, given the data. The statistical
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distribution of the signal-to-model mismatch is
denoted by the notation P[z|p]. This is defined
given a normal distribution as:

-4 Z (2, (xR, {z=hx))

Plzlp]=¢ " (42)

You may think of the signal at each time t as a
vector z, and the model's output as a vector h.
In this context, the signal-to-noise ratio is
denoted by Rt. We talk about the prior
distribution of parameters, P[p]. The states'
vector is represented by the symbol x. This is a
powerful tool inside the Bayesian paradigm as
it considers previous knowledge about the
parameter distributions. During this time, the
estimator learns new things. Prior to calculating
the probability distribution P p |z, a set of data
covering the interval [Ti... Tf] must be
collected. The MAP estimation, which finds the
parameters whose values maximize P p | z, is
used. In order to arrive at the following
estimate, we first get the distribution of P[p]
from its probability density function. The
parameters, p, are not being estimated, but
rather the values of the random variables,.
Because of this, Equation (29) takes on a new
interpretation:

T,
-y Iz,--Ii,-Ixf'HTRI.'|z,--Ii,-|xj'H

Plzjé)=e 0 (43)

Pléfe] o P 2] P[¢] (44)

The values of the state space variables
(positions and velocities) and the parameters
(mass, pitch inertia, and roll inertia) are
returned by the collocation matrix using the
MAP estimate of the random variables from
Equation (31).

A [!EE,L.IJ X (I- ff:'.u} (45J

Discussion of Simulated Outcomes

Obtaining Outcomes from an Extended
Kalman Filter

The Extended Kalman Filter is used to run four
distinct simulations. Parameter estimates for
each simulation are shown in figures (3-5), and
parameter ranges are included in Table 1. Initial
approximations for the parameters are
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established for the Mass, Pitch Inertia, and Roll
Inertia. Mass, pitch inertia, and roll inertia have
respective variances of 600 kilograms, 700
kilograms per square meter, and 400 kilograms
per square meter.

Table 1. Variations in the parameters used as
inputs for the EKF estimation simulations

Pitch Rl Paly

Run | Mass Tnetiia Tnertia Order

I 50 3500 1100 1

I 3500 1100 4

i 1300 1700 600 1

4 1300 1700 600 4

EEFbiazs Extimatior

1600 P\““' ~

The estimated mass of the EKF as a function of
time is shown in Fig. 3.

The time step of the integrator is precisely
0.005 seconds. The whole time is thirty-five
seconds. The EKF estimations are very accurate
if the models match well. Assumptions made
during model building about sensor reading
ranges cause EKF estimates to become less
consistent. A speed bump causes a noticeable
shift in parameter values at t = 615, providing a
clear example of this. To lessen the effect, one
may either increase the polynomial order,
modify the sensor noise matrix, or change the
time step, or do all three. In the steady state,
Table 2 shows the percentages by which the
model parameters differ from the true value:
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Fig. 5. EKF roll inertia versus time

Table 2. EKF error percentages for final
estimation

Mk | Pkl | ol

| i

Bayesian Statistics

Eight experiments are detailed below in Tables

3and 4. For each of the estimation experiments,
several of the parameters are changed. These
are listed below as the initial estimation of the
mass, pitch inertia and roll inertia mean values,
the polynomial order (Poly Order) of the gPC
expansions, the length of each time
interProbability and Statistics with a Bayesian
Twist

In Tables 3 and 4, we provide the results of
eight separate trials. Several parameters are
adjusted in each estimate experiment. Below
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you'll find the initial estimates of mass, pitch
inertia, and roll inertia, the polynomial order
(Poly Order) of the gPC expansions, the
duration of each time period utilized for
estimation, and the total number of estimations.

val used for estimation and the number of
estimations performed.

Table 3. Initial parameters fed into the Bayesian

MAP estimation algorithm
Run | Mass | Pitch Inertia | Roll Ingrtia | Poly Order | Time Interval | # of Intervals
I | 250 3500 1000 b u I
T{os0) 3300 1000 b I u
o[ 2s0) 3300 1000 4 i I
4250|350 1000 4 I u
3o 1630 2600 1000 b i I
b 250 330 1000 4 ] 4
T{2s0) 3300 1000 4 i I
§ (250 3300 1000 10 i I

Table 3 details the results of the estimation
algorithm. The table details what the final
estimates are, and what their percent error is
relative to the actual values of the synthetic data
model. The estimate algorithm's output is listed
in Table 3. In the table, you can see both the
final estimates and the percentage error
between the estimates and the real values of the
simulated data set.

Table 4: The Bayesian Simulation Outcomes

Run | Mass Est | Pitch Est | Roll Est | % Err Mass | % Ere Piich | % Err Roll

I 1905685 | 30349 | 78544 | 301% 1.83% -182%

11897815 | 301709 | 82318 | 239% 057% 291%

3| 19336 | 3159 | TSO0R | 4.36% 53% -249%

4 [ 1852405 | 2877 | B3344 | DA3R Al% 418%

0 194 | 30694 | 7667 3400 231% 417%

6 18979 | JM483 | 881 | 139G 261% 128%

7| 18025 | 28764 | B034 | -159% 4125 043%

§ | 18742 | 3473 | M7 131% 1.58% -LT8%

Evidence suggests that estimates improve with
increasing polynomial order. The mathematics
suggests that this conforms to the expected
behavior of the gPC. In line with statistical
theory, the accuracy of the estimate produced
by the Bayesian estimating method improves
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with the length of the time sequence supplied
into it. It is also clear that the guess is more
precise the more precise the first estimate is.

Conclusions

In this research, we construct a model of a
vehicle that can predict its mass, pitch inertia,
and roll inertia using a sparse set of sensors and
an absence of a terrain profile. The procedures
carried out provide satisfactory outcomes, and
the final model exhibits good correlation with
the seven degrees of freedom model. The
Bayesian model outperforms the EKF model in
terms of reliability. You can make EKF models
run faster and show you the effects of changing
parameters in real time.
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