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Abstract:

System identification is a technique that can be employed to obtain a mathematical representation of
how a system behaves. The objectives of this research are to determine the modal parameters, such
as damping coefficient and spring stiffness, and to explore an online condition monitoring system for
the suspension. This will be achieved by using a MATLAB simulation of a seven degree-of-freedom (7-
DOF) model of a complete vehicle. The accuracy of the simulation will be ensured by measuring only
the accelerations of the vehicle's sprung mass, using subspace identification methods. Stochastic
subspace identification (SSI) approaches, which just utilize output data, are employed to ascertain the
whole vehicle model that remains applicable across the entire range of operation.
Common issues related to suspension components include damaged or leaking shock absorbers and
weakened springs. These deficiencies frequently lead to a decrease in the vehicle's overall
performance. The simulation incorporates suspension flaws by introducing damage to the shock
absorbers (dampers). The faults are induced by reducing the damper coefficient by 25%, 50%, and
80%. This has served as the foundation for evaluating the ride comfort, road handling, and stability of
the car, as well as identifying any potential damping issues at an early stage.
The cars included in this analysis of system identification exhibit non-linear dynamic behavior that is
primarily influenced by the stochastic nature of road-tyre excitations. Instead of utilizing tire forces as
inputs, which can be challenging to measure or predict, the inputs are based on the accelerations of
the sprung masses. The vehicle's bouncing, pitching, and rolling modes are identified and described.
Stochastic Subspace Identification (SSI) algorithms provide a precise and reliable estimation of
uncertain vehicle characteristics, such as the natural frequencies and damping ratio of the bounce,
pitch, and roll modes for the complete vehicle model. These estimations are not affected by the initial
estimates or the excitation signals used. The model results were found to closely align with the
theatrical results. Furthermore, the damping estimates exhibited a significantly greater level of
variability compared to the frequency estimates.

Theoretical investigation indicates that the subspace identification method, which utilizes the
accelerations of sprung masses as inputs, can provide reliable estimations of model parameters such
as spring stiffness and damping coefficient.
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Introduction:
Suspension system performances:

Automobile designers have a difficult problem when creating suspension systems since they must
consider many control factors, intricate objectives, and unpredictable disruptions. Ensuring a
consistently high level of ride comfort and vehicle handling across various driving situations poses a
challenging task for automobiles. From October 2010 to September 2011, the Ministry of Transport
(M.O.T) gathered data [1] in the United Kingdom regarding MOT tests for almost 24.2 million
automobiles. Figure 1 depicts a pie chart illustrating the proportion of failures, categorized by automobile
model. The pie chart demonstrates that lighting and signalling issues constituted the largest proportion
of re-tests, amounting to 19.79%. This was followed by suspension faults, which accounted for 13.18%
of re-tests. The fourth most prevalent fault, at 8.75%, was related to tyre issues.
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Figure 1 Percentage of failure by category for different cars.

Timely identification of irregular occurrences in automotive suspension systems helps minimize the
harm inflicted on the vehicle during driving scenarios, while also enhancing passenger comfort and
safety. Faults in the suspension system frequently diminish the performance of a vehicle. The user's
text is "[2]." The typical issues related to suspension components include impaired or leaking shock
absorbers, weakened springs, erosion of the pivot and bushing, and damage to the main support
member assembly, as depicted in Figure 2 (a).

Faults in the damping system may arise from various sources, including worn seals, decreased oil flow
caused by leaks, damaged mounts, and extruded or worn bushings. Each of the issues stated above
can contribute to a deterioration in the performance of the shock absorber, which in turn leads to
increased braking distances. As a result, the tires gradually deteriorate, leading to decreased vehicle
maneuverability when turning. The user's text is "[3].".

To analyze the suspension's performance in terms of ride quality, handling, and stability of the vehicle,
certain crucial parameters need to be taken into account. The parameters to be considered are wheel
deflection, suspension travel, and vehicle body acceleration. The goal is to minimize the amplitude
value for each of these parameters. The user's text is "[2]." Road handling is determined by the
difference in position between the suspension and the road input, which is represented by (Zu - Zr).
Wheel deflection is depicted in Figure 2b. Suspension travel refers to the relative displacement between
the body of the vehicle and the wheel, denoted as (Zs — Zu) and illustrated in Figure 2 (b). This can be
utilized to evaluate the spatial dimensions necessary to accommodate the suspension spring. The
comfort of the ride is determined by the passenger's perception of the movement of the vehicle's body.
This necessitates minimizing the acceleration of the vehicle body (sprung mass). ISO: 2631-1-1997[4]
specifies that the acceptable range for road handling should be approximately 0.0508 m, while the
minimal value for suspension travel should be approximately 0.127 m. If the root mean square (RMS)
acceleration is less than 0.315 m/s?, it is believed that the passenger will experience a high level of
comfort.
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Figure 1 a: common faults in suspension systems, and b: Sketch of quarter car model.
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Many researchers have examined suspension performance through the use of modeling, simulation,
and experimental inquiry. Faheem [5] examined a mathematical model for a quarter automobile with
two degrees of freedom (2-DOF) and a half car with four degrees of freedom (4-DOF). Rao [6]
constructed a mathematical representation of a 3-degree-of-freedom (DOF) quarter automobile
equipped with a semi-active suspension system. This model was employed to conduct tests on skyhook
and other tactics related to semi-active suspension systems. Esslaminasa et al [7] designed a semi-
active twin-tube shock absorber by creating models for one and two degrees of freedom (DOF) in a
quarter vehicle design. Darus [8] utilized a state space methodology to construct a mathematical model
for both a quarter automobile and a full car, employing MATLAB programs. Metallidis [9] utilized a
statistical system identification technique to accurately determine the parameters and detect faults in
nonlinear automobile suspension systems. Kashi [10] implemented a model-based approach for
detecting defects in a vehicle control system. This approach relied on mathematical representations of
the system, resulting in effective fault detection and identification of flaws that impact the system. A
mathematical model for passive and active quarter car suspension systems was presented by
Agharkakli et al [11]. Ikenaga et al [12] conducted a research study aimed at enhancing the road
handling and riding comfort. A whole vehicle model was utilized to develop an active suspension control
system that incorporates the suspension system's performance. Lu et al [13] examined the impact of
vehicle speed on shock and vibration levels. They found that the influence of truck speed on the root
mean square acceleration of the vibrations was significant at lower speeds but diminished at higher
speeds.

Holdman [14] conducted an empirical investigation on a 3.5-ton vehicle with the aim of enhancing its
handling and comfort. Three distinct damping rates were employed: a soft rate, which was two-thirds of
the standard rate, the standard rate itself, and a harsh rate, which was one and a half times the standard
rate. According to the results, in the passive system, it is necessary to have large damping rates for
frequencies below 4Hz in order to achieve both comfort and safety. The optimal combination of comfort
and safety was observed in the frequency range of 4Hz - 8Hz when a low damping rate was used.
Weispfenning [3] using a test equipment and a moving vehicle to identify malfunctions in shock
absorbers and sensors. This study asserted that defects in shock absorbers led to a 20% increase in
the braking distance. Lozoya-Santos [15] introduced a fault detection system to monitor the condition
of an MR damper. The system is designed to monitor the transmissibility of the semi-active suspension
in a quarter vehicle model. The findings of this investigation suggest that transmissibility is a reliable
predictor of defective MR dampers. Tudon-Martinez [16] introduced a fault tolerant approach for
identifying and isolating the defective damper. After analyzing the results, it was asserted that the
presence of an oil leakage in a damper led to a 60% improvement in comfort for the regulated
suspension system and an 82% improvement for the uncontrolled suspension system. Breytenbach
[17] examined the debate between ride comfort and handling in relation to off-road vehicles. This study
examined a novel method of a semi-active suspension system known as "4 State Semi-active
Suspensions,” which enables the transition between low and high damping.

Suspension System Model and Dynamics:

Development of the vehicle model operates under the assumptions that the vehicle is a rigid body,
represented as sprung mass (ms), and the suspension axles are represented as unsprung mass (mu)
as shown in figure 3. The suspension between the vehicle body and wheels are modelled by linear spring
and damper elements and each tyre is modelled by a single linear spring and damper. The origin of
coordinates is fixed in the centre of gravity (CG) of sprung mass. Using Ford Granada as a model, which
adopted from Ref [18], with some emended have been added to the model for more improvement such
as including the damping of the tyre, the vehicle parameters can be seen in Table 1. The equations of
all motions are derived separately resulting in the equations of the body motions.
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Equation of motion for bouncing of sprung mass:

msZ”s = kf (Zul - Zsl) + kf (Zuz - ZSZ) + kr (Zus - Zs3) + kr (Zu4 - Zs4) +Ct (Zul - Z51) +Cr (Zuz - Z52) +
Cr (Zu3 - ZS3) +Cp (Zu4 - Zs4) (1)

For pitching moment of inertia of sprung mass

Ipé = Kely (zu1 — Zs1) + Kl (Zy2 — Zs2) — ke 12(Zy3 — Zs3) — ke (Zua — Zsa) + ey (Zyg — Z51) +
Cs l1 (Zuz - ZsZ) —Cr l2 (Zu3 - Z53) —Cr l2 (Zu4 - .Zs4-) (2)

For rolling motion of the sprung mass

ke wg
w 2
2 - (Zu3 - Z53) -

T kaf kr kr Cr

Ir(p -, (Zul - Zsl) -
CfZWf (Zuz — Zs2) + =

W, W, W, . o
2 *(Zys — Zs3) — p * (Zya — Zsa) + > L (2gy — 2s1) —

ZWr (Zu4 - Zs4-) (3)

(Zuz - ZSZ) +

Cr

For each wheel motion in vertical direction

Mys Zyy = =K (Zur = Zs1) = ¢ (Zur — Zs1) + Ker (21 — Zya) + ctf(Zpg — Zy1) (4)
Myf Zyy = =K (Zuz = 2s2) = ¢ (Zua = Zs2) + Keg (Zra — Zuz) + ctf(Zry — 2y5) )
Myr Zuz = =Ky (Zuz = Zs3) = (Zuz — Zs3) + Ko (Zr3 — Zy3) + Ctr(Zs — Zy3) (6)
Myr Zya = —ky (Zya — Zsa) — € (Zya — Zsa) + key (Zrg — Zya) + U7 (Zrg — Zya) (7)

The vertical translations of four corners of the vehicle sprung mass (1, 2, 3 and 4 shown in Fig. 4),
which are just above four unsprung masses, can be represented as follows:

Zs1 =7Zs — L16 + (wf / 2)@ (8)
7Zs2 =7Zs — L16 — (wf / 2)@ (9)
7Zs3 =7Zs + L20 + (wr / 2)¢ (10)
7Zs4 =7s + L26 — (wr / 2)¢ (12)

The equation variables and parameters of the suspension system are defined and summarized in Table
2, which is adapted from reference [18]. Except for the damping coefficient of the tires at different
pressures, which were taken from [18], all other factors were considered. Modifications were also
implemented to some variables in order to adhere to the specifications of the vehicle utilized in the
experiment. The system can be expressed using state space matrix representations as: x =A(x) +B (u)
(the input state equation) and y=C(x) +D (u) (the output state equation). To simulate the state space
matrices, a MATLAB code has been developed.
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The road profile was calculated and created according to vehicle speeds and the height and width of the
bumps by the following equation:

u(p) =1/2 a *sin(2*m*Fp*t) (12)

The road profile was also assumed to be a single bump with a sin wave shape. Where a is the bump
height (50 mm), Fp is the frequency of the bump (calculated in consideration of the length of the bump
and the vehicle speed) and t is the time for the vehicle crossing the bump. In this study, the bump profile
is 500 mm in width and 50 mm height and for validation purposes, the models were simulated at the
speed of 8 km/hr.

Experimental set up and test procedure for general validation

To validate the theoretical model, a front wheel drive Vauxhall ZAFIRA (2001) car, equipped with two
different sensors was used. The sensors mounted on the car include: (1) a vibration sensor with a
sensitivity of (3.770 pc/ms-2) mounted on the upper mounting point of the front left shock absorber, and
(2) a dynamic tyre pressure sensor (DTPS) with a sensitivity of (11.43 Pc/0.1Mpa) connected to the
valve stem of the front left wheel. The pressure sensor was situated in the centre rim of the front left
wheel and the vibration sensor on the inside of the car. They were positioned in these locations
subsequent to their assembly and connection to the wireless sensor nodes (transmitters). Inside the
automobile, the gateway (receiver) was furnished with a laptop. In order to guarantee a reliable
installation of the sensors, the University of Huddersfield developed and produced two distinct adapters.
Furthermore, a wireless measurement system was devised and implemented on the vehicle to provide
a comprehensive distant measurement of the extracted vibration and pressure data.

Alternatively, one can use system identification techniques to obtain a reliable approximation of the
unknown parameters and linear equivalent dynamic properties of the tire-road interface, given the
provided loading and operating conditions.

Subspace-based system identification for suspension system

During modal analysis of vibrating structures, it is common for the operating conditions to be significantly
different from those used in laboratory tests. One significant distinction is that excitations cannot be
measured under natural loading conditions and are typically non-stationary. This does not imply that
laboratory results are invalid, but rather that new methodologies are required for in-operation treatment.
Currently, subspace-based techniques are utilized and have been demonstrated to be effective for
estimating modal parameters such as natural frequencies, damping ratios, and mode shapes.The
number 19 is enclosed in square brackets.

Dong et al[18] computed the modal parameters and mass moments of inertia of an on-road vehicle by
using subspace identification methods to measure the accelerations of the vehicle's sprung mass and
unsprung masses. This study compares two subspace identification approaches, one utilizing
input/output data and the other utilizing output data solely, specifically focusing on the highly damped
modes. Theoretical examination of this research indicates that the subspace identification approach,
which utilizes accelerations of unsprung masses as inputs, yields more precise findings compared to
the method that uses road-tyre forces as inputs, particularly when the vehicle speed is not very high.
Vehicle model parameters can be determined online by analyzing the vehicle's roll and yaw dynamics.
Yang et al [19] utilized a system identification technique to ascertain the lateral dynamics of an
articulated freight vehicle under three distinct steering excitations. This study utilized a pseudo-random
binary sequence (PRBS) excitation signal instead of the conventional ramp step (RS) and quasi-impulse
(QI) steering inputs to excite the modes. The results demonstrate that the vehicle transfer function may
be precisely characterized using PRBS and QI excitations.

Russo et al [20] presented a method for estimating car parameters by utilizing the Kalman filter to
analyze the vehicle's regular on-road handling maneuvers. Wenzel et al [21] conducted further research
on the dual extended Kalman filter technique to determine vehicle statuses and model parameters.
Arikana et al [22] presented the identification of linear handling models for road vehicles using structural
identifiability analysis and tests to predict the vehicle's parameters. The study's findings demonstrate
that the identified model effectively tracks the system reaction. The researchers Xi-Qiang Guan et al
[23] utilized subspace identification methods to estimate the dynamic model of the vehicle's handling
and predict its performance in handling. These estimators necessitate sophisticated measuring
techniques or precise tyre models to assess the interactions between the tyre and the road. However,
the accuracy of the analysis may be compromised by inaccuracies stemming from the tyre model's
precision or the tyre's state, including wear and inflation pressures.
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The process of system identification is closely linked to the specific attributes of the input signal. Various
system identification investigations have utilized a diverse set of input signals, including single harmonic
and impulse signals [19]. The number 24 is enclosed in square brackets. The choice of the input signal
is generally determined by the qualitative behavior of the system and involves two significant factors.
The primary factor to consider is the form and frequency composition of the input signals, which need
to be chosen in order to effectively stimulate all significant modes. Another crucial factor to examine is
the cross correlation between the input signal and the noise present in the measured signals [25]. The
ideal input signal should possess a broad frequency range in order to elicit all significant dynamic modes
and provide a relatively precise estimation of the system parameters. While an impulse function is often
regarded as an optimal input signal since it produces a uniform power spectrum across a broad range
of frequencies, a pseudo random white noise signal is commonly utilized instead due to the challenges
involved in generating an ideal impulse.

This research utilizes subspace identification methods to determine the parameters (matrices) of state
space models. It also explores a condition monitoring system for suspension by conducting a MATLAB
simulation of a seven degree-of-freedom (7-DOF) model for a full vehicle. The accuracy of the system
is achieved by measuring the accelerations of the vehicle's sprung mass, which occur randomly in
nature. These measurements are analyzed using subspace identification methods.

Basic theory on subspace identification algorithms:
A discrete time state space model can be represented as follows:

XK+1)=Ax(k) + Bf (k) «eoeneiiiiiii e, (13)
YK) = Cx (k) 4 DX(K) oo (14)

Equations 13 and 14 contain the matrix A which is the state transition matrix that completely
characterizes the dynamics of the system by its eigenvalues; B is the input influence matrix that
connects inputs; C is the output influence matrix that specifies how the internal states are transformed
to the outside; and D is the direct transmission matrix. The vectorsf(k), y(k) and X (k) are the inputs,
outputs and states respectively of the system at time instant k.
To consider process noise and measurement noise of the model, noise vectors w(k), andv(k), are
added into the model:

X(k+1) =Ax(k) + Bf (k) + W(k) coveeiieiiiiiiiieee e (15)

V(k) = Cx(k) + Dx(K) + V() cveveriiiiieeie e (16)

The state space models (15 and 16) are called the deterministic—stochastic discrete time states pace
model, w(k) and v(k) are zero mean, white noise vector sequences with covariance matrix:

E{) (w@™  v@™3=(% D8z 0 o (17)

In Eq. (17), E denotes the expectation operator and &, the Kronecker delta.

If the input vector f (k) cannot be measured, the state space models (15 and 16) become the following
models (6 and 7), which is called the stochastic state space model:

XK+ 1) = Ax(k) F W) ceoeeiei e (18)
Y(k) = Cx(R) F V(K) oo (19)

The identification problem for the state space models (13 and 14), (15 and 16) and (18 and 19) can be
stated as follows: given (s) inputs f(1), f(2), ... ... ... ... f(n) and outputs (m) y(1),y(2) ... ... ... .. y(m)
The key steps to solve the identification problem for the state space model are, first to specify the order
(n) of the unknown system and the second to specify the system matrixes Ax, B(k),Cx and Dx.

Subspace identification algorithms initially perform QR decomposition (also known as QR factorization)
to calculate the orthogonal or oblique projection of input and output data matrices. This is followed by
singular value decomposition (SVD) to determine the order, observability matrix, and state sequence.
Next, the state space model is obtained by solving a least squares problem. The term "subspace" refers
to the model parameters of a linear system that are derived from either the row or column subspace of
a specific matrix. This matrix is constructed using the input/output data. Subspace identification utilizes
non-iterative methods from numerical linear algebra, such as QR decomposition and SVD. Therefore,
there are no issues with convergence and the numerical stability is assured.
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As presented by Reynders et al [26], subspace identification involves the choice of two parameters: i,
which is half the number of block rows of the Hankel matrices, and j, which is the number of their
columns. As j — oo ensures strongly consistent estimates for the system matrices A, B, C and D, it is
obvious that for j the largest possible value should be chosen. In practice, the quality of the identified
system model depends on half the number of block rows i. A solution is to choose i as large as possible,
but then calculation time and memory usage might become excessive. Therefore, for the stochastic
subspace identification algorithm, the half number of block rows i in the output Henkel matrices should
be chosen such that i > f; /(2f,) , where f; is the sampling frequency and f, is the lowest frequency
of interest.

To identify modal parameters, the estimated system matrix A can be decomposed by eigen-
decomposition as A = YA¥Y ™!, where W is the Eigen vector matrix and A = diag(A;) is the diagonal
Eigen value matrix. The matrix A contains the n/2 discrete time eigenvalues 1, and 1", in complex
conjugated pairs, which are directly related to the frequency and damping properties of the system. The
discrete-time Eigen values can be converted to continuous time Eigen values A.; = A4;/At where At is
the time step of the digital data acquisition system. Then the undamped natural frequencies f,, and
damping ratios ¢; can be easily calculated from the conjugate pair of complex-valued eigenvalues: 1.,

A*ci =-2m (i fn i]( 2m fn)\/T - (iz-

The eigenvectors ¥ have no physical interpretation because the states of an identified state-space
model have no direct physical meaning. However, using the identified matrix C, the observed parts of
the eigenvectors ¥ can be calculated: = C¥

Results and discussion

Model validation using sin wave shape road-tyre excitations as inputs:

The model was verified using empirical data obtained during the operation of the vehicle at a velocity of
8km/h, traversing Bump 1 (situated within the confines of The University of Huddersfield). The
dimensions of the bump profile were 5.80 m in width, 0.50 m in length, and 0.050 m in height. These
measurements were used as the input for the system. The vehicle response was analyzed using
MATLAB software. Figure 5 illustrates the vehicle body's acceleration over time, as determined by model
simulation and experimental data. After analyzing the experimental findings, it is evident that the model
well predicts the suspension performance.
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Figure 4 Vibration (acceleration) of suspension simulation and experimental.

Figure 5 (a) displays the road profile plots in the time domain for both the front and rear wheels of the
vehicle. In the simulation investigation, the system assumes that road disturbance is the input. Figure
5 (b) illustrates how changing the damping coefficients affects the reaction of the vehicle body. These
data indicate that higher damping coefficients lead to a decrease in the amplitude of the relative
displacement of the car body.
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Figure 5 (a): Road profile excitation and Figure 5 (b): Displacement of vehicle body for different

Figure 6 illustrates the movement of

damping coefficients.

four wheels (unsprung mass) with varying damping coefficients

in the time domain. The results indicate that the amplitude or peak value of the wheels reduces as the
damping value decreases. This suggests that alterations to the damping coefficients can potentially
impact the performance of the suspension.
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Figure 6 Vehicle wheel displacement with different damping coefficients.

An evaluation of various parameters, including wheel deflection, suspension travel, and acceleration of
the vehicle body, was conducted to examine the impact of suspension damping level on suspension
performance. This analysis encompasses factors such as ride quality, handling, and vehicle stability.
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The road handling profile, specifically the wheel deflection, of a vehicle is determined by the contact
forces between the road surface and the vehicle tire, denoted as zu and zr. In this simulation, the wheel
deflections were measured to be around 0.015 m, 0.0154 m, 0.148 m, and 0.0133 m for a healthy
damper, a damper with 25% fault, a damper with 50% fault, and a damper with 80% fault, respectively.
These measurements are shown in Figure 7 (a). No significant alterations in the maximum magnitude of
the wheel deflection can be discerned from this diagram. Nevertheless, it is worth mentioning that the
vertical deflection does not diminish rapidly when faulty dampers are present, especially those with 80%
and 50% defects. When compared to the specified road handling standards outlined in 1SO: 2631-1-
1997 [4], which need a range of 0.0508 m, this range is deemed adequate. The suspension travel refers
to the relative displacement between the vehicle body and the wheel, denoted as (zs — zu) in Figure 7
(b). From this figure, it is evident that increasing the damping coefficient results in a decrease in
suspension travel. Therefore, in order to minimize suspension travel, a greater damping ratio is
necessary. According to 1SO: 2631-1-1997 [4], a passenger is considered to experience a high level of
comfort if the root mean square (RMS) acceleration is less than 0.315 m/s2.
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Figure 7 (a) Wheel deflections for different damping coefficients and figure 7 (b) suspension travels for
different damping coefficients.

In Figure 8 (a), the magnitudes of the vertical acceleration were amplified within the range of the vehicle
body (sprung mass) as the damping of the shock absorber was heightened. Increasing the shock
absorber damping resulted in improved comfort for the passenger when the excitation frequencies
closely matched the resonance frequency of the vehicle body. Nevertheless, the vertical acceleration
does not diminish rapidly as the damping decreases.
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Vehicle Body Vibration
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Figure 8 (a) Acceleration of the vehicle body for different damping coefficients and Figure 8 (b) RMS
for acceleration of the vehicle body for different damping coefficients.
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Figure 8 (b) illustrates a standard representation of the root mean square (RMS) value for the
acceleration of the vehicle body. The graph displays several damping values, including healthy
damping, 25% damping, 50% damping, and 80% damping fault. The results indicate that reducing the
damping coefficient leads to a decrease in the acceleration of the vehicle body in the scenarios of 25%

and 50% faults. Nevertheless, there is a little rise in the vehicle body's acceleration in relation to the
damping, despite an 80% defect.

Subspace identification results for the seven DOF vehicle model:

The subspace identification approaches are categorized as deterministic, stochastic, and combination
deterministic-stochastic algorithms based on the extent to which system inputs may be measured or
partly measured [16]. Due to the assumption of unmeasured input white noise, the stochastic system
identification problem can be seen as an output-only system identification method. This makes it well-
suited for operational modal analysis [17—20] and vibration-based structural health monitoring [21,22]
applications where input forces are not available. Hence, the stochastic subspace identification technique

is employed solely with the output data to determine the undamped natural frequencies and damping
ratios of the bounce, pitch, and roll modes.
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Using vehicle parameters provided in Tablel in Appendix, the undamped natural frequencies f,, and
damping ratios ¢; for the 7-dof vehicle model are shown in Tablel, where the first three modes are
bounce, pitch and roll mode, respectively.

Table 1 undamped natural frequencies f,, and damping ratios {; for the 7-dof vehicle model.
Mode 1(bounce) 2(pitch) 3(roll) 4(fl-w) 5(fr-w) 6(rl-w) 7(rr-w)
fn (Hz) 1.037 1.288 1.604 10.9346 10.9358 11.4374 11.4374

€ 0.0263 0.0247 0.0351 0.0247 0.0247 0.0262 0.0262

Two cases are included to study the effects of road—tyre excitations. The first case is that road—tyre
excitations are simulated as white Gaussian random processes and vehicle speed is zero; in the second
case, same excitations are used as the first case, but vehicle speed was considered by calculating the
effect of wheel base filtering. When a vehicle is running, one important effect called wheel base filtering
should be considered. Wheelbase filtering causes an effect that, the excitations applied to the front and
rear wheels are not independent, and the rear wheels are excited by the same forcing function as the
front ones with a delay T = (I1 + 12)/v , the time needed to travel a distance equal to the wheelbase
[11]. Clearly, wheelbase filtering introduces a dependence of the response of the system on the speed.

Figure 9 (a) displays the frequency response function of the vertical bounce, pitch, and roll responses of
the body and the four wheels (front-left, front-right, rear-left, and rear-right) correspondingly. The
frequencies of vehicle bounce, pitch, and roll are typically within the range of 1 to 3 Hz, whereas the
frequencies of the wheels are approximately 10 to 13 Hz. The frequency response of the bounce, pitch,
and roll modes is depicted in Figure 9 (b). It is evident that the bounce and pitch frequencies fall within a
similar range and have nearly identical amplitudes. However, the roll frequency spans a wider range
compared to the bounce and pitch frequencies and also exhibits the highest amplitude. This suggests
that the roll frequency has a greater impact on the simulation.

System Frequency Response Frequency Response of the Vicle Body
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Figure 9 (a) frequency response function of the body and the four wheels (front-left, front-right, rear-left

and rear-right), and figure 9 (b) Frequency response of the bounce, pitch and roll modes.

Subspace identification methods may automatically detect and isolate bounce, pitch, and roll modes of
a vehicle by utilizing random excitation forces as inputs. Additionally, these methods are able to eliminate
computational modes. The figure 10 (a) displays the raw data acquired from the simulation, showcasing
the displacement, velocity, and acceleration of the bounce, pitch, and roll of both the vehicle body and
the four wheels. Analyze the frequency responses (normalized) of the vertical displacement of sprung
masses at four corners (1, 2, 3, and 4) as shown in Figure 4. This analysis is conducted when the cars
are subjected to four road-tyre excitations, which are simulated as white Gaussian random processes.
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Figure 10 (a) The raw data of displacement, velocity and acceleration of the whole model, and figure
10 (b) displacement response of the body in the top and the displacement of the wheels in the bottom.

For more focus on the vehicle body responses, figure 10 (b) in the top, illustrates the displacement
response of the bounce, pitch and roll of the vehicle body, and also it can be noted that, the roll
frequency has the biggest amplitude and more influence on the vehicle responses. Figure 10 (b) in the
bottom presents the displacements of the four wheels, which almost lie in the range of 10 — 13 Hz. To
use the accelerations of the vehicle body as inputs for the model, accelerations of the vehicle body were
transited from their centre of gravity to each corner of the vehicle; these translations were calculated by
using equations (8, 9, 10 and 11). Figure 11 (a) shows the displacement response of the body at the
four corners, and also presents the power spectrum density (PDS) at each corner, which will be used
as inputs of the model to estimate the natural frequency and damping ratio for each mode. Figure 11
(b) shows the spectrum of the body at the four corners, and also presents the spectrum of correlation
of each sensor with the use of sensor number one as a reference, in order to ensure the correct
correlations between all sensors at each corner.
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Figure 11 (a) displacement response and PDS of the body at the four corners, and Figure 11 (b)
shows the spectrum of the body at the four corners and spectrum from correlations.

Figure 12 illustrates the stabilization diagram for the system, where, frequencies and damping estimated
from multi-order system identification are plotted against the model order. From the modes common to
many models and using further stabilization criteria, such as a threshold on damping values, low
variation between modes and mode shapes of successive orders etc., the final estimated model is
obtained. It can be noted from this figure that, in the region of the low frequency the frequency
estimation, damping ratio and modal shape show some fluctuations, and finally the modes come to
more stability to obtain more accurate frequency modes.
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Figure 12 The stabilization diagram for the system.

Stochastic subspace identification is utilized to determine the undamped natural frequencies and
damping ratios of the bounce, pitch, and roll modes only based on output data. In the initial scenario of
the simulation, road-tyre excitations are modeled as white Gaussian random processes, while the
vehicle speed is set to zero. Figure 13 displays the results of subspace identification, comparing the
theoretical values (calculated from equations) represented by light blue bars, with the values obtained

29 | Afro-Asian Journal of Scientific Research (AAJSR)



from the model, represented by pink bars. The comparison is made for the undamped natural
frequencies and damping ratios of the bounce, pitch, and roll modes, respectively. It is evident from
this figure that the calculation of damping ratio exhibits greater variability compared to the natural
frequencies. In this simulation, a sampling frequency of 100 Hz is chosen. As a result, the number of
block rows, denoted as i, is set to 60. The system order, represented by n, is automatically determined
to be equal to i after performing SVD computation. The results suggest that the stochastic subspace

identification model has sufficient accuracy to be employed for monitoring the vehicle suspension
system.
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Figure 13 results of subspace identification as a comparison between theatrical values (calculated
from equations) and the values obtained from the model for natural frequencies and damping ratios of
the bounce, pitch and roll modes respectively.

Figure 14 displays the discrepancies in estimating the modal natural frequency and modal damping
ratio for various damping coefficients in the bounce (vertical), pitch, and roll modes. From this figure, it
is evident that the estimation error values for the modal natural frequency are below 1 percent for
bounce and roll modes, while they exceed 3 percent for pitch modes. The estimation error for the modal
damping ratio exceeds 10 percent in both the bounce and roll modes, but in the case of pitch modes, it
exhibits significant variability with an approximate value of 30 percent.
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Figure 14 shows estimation errors of modal natural frequency and modal damping ratio for different
damping coefficients.

Figure 15 displays the discrepancies in estimating the modal natural frequency and modal damping
ratio for various spring rates in the bounce (vertical), pitch, and roll modes. This figure demonstrates
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that the estimation error values for the modal natural frequency are below 1 percent for the bounce and
roll modes, but the error increases to above 7 percent for the pitch modes. The estimation error values
for the modal damping ratio are around 10 percent for the bounce and roll modes, whereas they exhibit
significant fluctuations for the pitch modes, with values around 80 percent.

Modal natural frequency
8 r Y r r T Y

Estemation error(%)

17000 11333 8500 6800 5666
Spring rate (K)
Modal damping ratio

100 T T T T T T T

< ——V
5 ——p
[0} —— R
S sof
o
§
0
w N -

Ot—_ﬁi $— T 1

17000 11333 8500 6800 5666

Spring rate (K)
Figure 15 shows estimation errors of modal natural frequency and modal damping ratio for different
spring rates.

Conclusion

The system identification technique is utilized to obtain an estimation of a set of uncertain vehicle
parameters and to examine the condition monitoring of the suspension system. The formulation of
system identification involves the utilization of an output error model. The system identification
procedure involves generating road-tyre excitation signals that follow a white Gaussian random
process. The loss function and the final prediction error function are minimized in order to determine
the model structure and the system function, while accounting for different amounts of measurement
noise. The results indicate that the model parameters, specifically the natural frequencies and damping
ratios of the bounce, pitch, and roll modes for the whole vehicle model, can be accurately recognized
with satisfactory precision. The model findings exhibited a far higher degree of proximity to the theatrical
results. Furthermore, the estimation of the natural frequency demonstrates remarkable accuracy,
however the assessment of damping exhibits significantly greater fluctuations compared to the
frequency estimations.
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