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Abstract

Most unpaved roads are subjectively classified as Class D roads. However, significant
variations exist across different sites and environments (e.g., mining areas). A major
challenge in the engineering field is how to quickly correct the Power Spectral Density (PSD)
of the unpaved road in question using existing equipment and limited sensors. To address
this issue, this study combines real-vehicle test data with a suspension dynamics simulation
model. It employs time-domain reconstruction via Inverse Fast Fourier Transform (IFFT)
and wavelet processing methods to construct an optimized model that fuses time-frequency
domain features. With the help of a surrogate optimization method, the model achieves
the best approximation of the actual road surface, corrects the PSD parameters of the
unpaved road, and provides a reliable input basis for vehicle dynamics simulation, fatigue
life prediction, and performance evaluation.

Keywords: power spectral density (PSD); inverse fast Fourier transform (IFFT); time-frequency
domain fusion; unpaved road; surrogate optimization

1. Introduction
The Road Power Spectral Density (PSD) is a core indicator for characterizing the

statistical properties of road roughness, and serves as a critical input for vehicle dynamics
simulation, fatigue life prediction, and driving performance evaluation. Road spectrum
identification refers to the technical process of obtaining this indicator either by calculating
through direct measurement of road contours or by inverting based on vehicle vibration
responses [1–3]. This identification is particularly important for off-highway vehicles
with special structures (e.g., mining trucks), which often operate on unpaved roads such
as dirt roads and gravel roads. The road spectrum characteristics of these roads vary
significantly depending on specific sites and environments, yet they were traditionally and
subjectively classified uniformly as Class D roads [4,5]. This simplistic handling method
fails to accurately reflect the diversity of actual road conditions, leading to deviations
between simulation results and engineering practice. Therefore, conducting research on
road spectrum identification of unpaved roads plays a vital role in the design and driving
safety of off-highway vehicles.

Road spectrum identification is categorized into direct measurement methods and
indirect identification methods. Direct measurement methods require significant labor and
costs, which largely limit their practical application [6]. Therefore, scholars have conducted
extensive research on indirect identification methods for road spectrum. Based on core
technical principles and modeling logic, indirect road spectrum identification methods
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can be divided into three categories: state estimation methods based on physical models,
mapping learning methods based on data-driven approaches, and feature analysis methods
based on signal processing [7].

The core principle of the state estimation method based on physical models is to
construct vehicle dynamics equations and infer road input parameters through state estima-
tion algorithms. The main estimation algorithms for road excitation inversion include the
Kalman Filter (KF) algorithm [8], the Unscented Kalman Filter (UKF) algorithm [9], and the
Extended Kalman Filter (EKF) algorithm [10]. Among these, EKF and UKF are designed to
address estimation problems for nonlinear vehicle models (e.g., mining trucks equipped
with hydro-pneumatic suspension). To achieve high-precision and high-robustness infer-
ence of road roughness, in addition to KF-series algorithms, scholars have also applied
various estimation methods such as the H2 observer [11], the second-order sliding mode
observer [12], and the regularized least squares method [2].

The data-driven mapping learning method does not rely on complex physical models.
Instead, it enables algorithms to learn the mapping relationship between vehicle response
and road spectrum from the vehicle response data corresponding to known roads. Fur-
thermore, based on the trained mapping relationship model, it realizes the inversion of
road roughness. In recent years, with the maturity of machine learning and deep learn-
ing technologies, such data-driven methods have been widely applied in road feature
identification. Common algorithms include Support Vector Machine (SVM) [13], Random
Forest (RF) [14], Convolutional Neural Network (CNN) [15], Long Short-Term Memory
(LSTM) [16], and hybrid neural network (CNN-LSTM) [17]. In practical applications, the
selection of algorithms often requires comprehensive trade-offs based on data scale, feature
complexity, and real-time requirements.

The feature analysis method based on signal processing treats vehicle dynamic re-
sponses as time-varying signals. It uses signal processing techniques such as the Fourier
transform and wavelet transform to extract robust features, and then explores the intrinsic
correlation between these features and road parameters to achieve the inversion of road
roughness. Its technical path mainly centers on the dimensional transformation of signals,
which includes three aspects: first, time-domain analysis directly targeting signal wave-
forms [18]; second, frequency-domain analysis focusing on frequency composition [19]; and
third, time-frequency analysis that balances time and frequency resolution [20]. Specifically,
the time-domain analysis path is suitable for evaluating the roughness level of stable and
uniform roads and identifying local defects; the frequency-domain analysis path is suitable
for inverting the roughness PSD of stable and uniform roads and classifying road types;
and the time-frequency joint analysis path is suitable for the dynamic identification of
non-stationary mixed roads (e.g., mining area roads) and the monitoring of sudden changes
in road conditions.

Although significant progress has been made in road spectrum identification methods
both in theory and application, existing studies still have certain limitations. First, while the
state estimation method based on physical models has a clear dynamic mechanism, it has
high requirements for model accuracy and parameter sensitivity—especially in nonlinear
suspension systems (e.g., hydro-pneumatic suspension), where estimation deviations are
prone to occur. In addition, although data-driven methods can avoid complex modeling,
their generalization ability is limited by the coverage of training data, making it difficult
to adapt to variable road conditions. More critically, most existing methods focus on
feature extraction in a single domain (either time domain or frequency domain) and fail
to fully leverage the representational advantages of time-frequency joint features under
non-stationary and non-uniform road conditions. This results in shortcomings in the
authenticity and robustness of the inverted road PSD. In contrast, the PSD identification
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method proposed in this paper integrates time-domain reconstruction and frequency-
domain analysis techniques. By constructing a multi-feature joint optimization objective,
it can more comprehensively and accurately approximate the statistical characteristics of
actual roads, and is particularly suitable for complex scenarios with strong non-stationary
characteristics such as unpaved roads.

The accurate identification of frequency components of road PSD plays a core sup-
porting role in optimizing vehicle ride comfort and protecting driver health, stemming
from the significant frequency dependence of human sensitivity to vibration. According
to the ISO 2631 standard [21] and relevant research [22], low-frequency vibrations (<5 Hz)
tend to induce resonance of human visceral organs, leading to discomfort symptoms such
as fatigue and nausea. In contrast, mid-frequency vibrations (5–20 Hz) mainly affect the
musculoskeletal system, and long-term exposure may increase the risk of low back injuries.
These two frequency bands are exactly the main concentration areas of vibration energy
on unpaved roads. The accurate identification of their frequency components is of crucial
guiding significance for the optimization of vehicle suspension systems and the design
of vibration attenuation structures. Traditional single-domain feature extraction methods
struggle to accurately capture the frequency distribution details of such non-stationary
vibrations, especially the energy proportion and dynamic variation law of low- and mid-
frequency bands. The time-frequency domain feature fusion method proposed in this
paper, which combines the Inverse Fast Fourier Transform (IFFT) with wavelet analysis,
can accurately characterize the characteristics of key frequency bands, thereby providing
reliable support for performance optimization related to vehicle ride comfort and driver
health protection.

To address the aforementioned issues, this study focuses on the efficient and high-
precision identification of the PSD for unpaved roads. First, based on the sprung/unsprung
mass acceleration data obtained from real-vehicle tests, a quarter-vehicle simulation system
is constructed by integrating a nonlinear dynamic model of the hydro-pneumatic suspen-
sion system. Subsequently, the IFFT is employed to reconstruct the time-domain road
excitation, and wavelet analysis is used to perform time-frequency domain decomposition
and reconstruction of the measured signals, thereby extracting robust time-frequency do-
main feature quantities. On this basis, a multi-objective optimization model targeting the
minimization of feature errors between simulation and experiment is established, and a
surrogate optimization algorithm is introduced to efficiently solve for the road PSD pa-
rameters (Ge, Gs, Ga). This method enables the full-process identification of road spectrum
parameters from measured data, featuring both a clear mechanism and high computational
efficiency. It provides a reliable input basis for the dynamic simulation and performance
evaluation of off-highway vehicles under real operating conditions. The technical route
framework of this study is shown in Figure 1.
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Figure 1. Framework of the technical route.

2. Mathematical Model
To clarify the physical variables involved in the subsequent model derivation, Table 1

lists the symbols, physical meanings, and corresponding units of all variables in this section.

Table 1. Definition and units of variables.

Symbol Physical Meaning Unit Symbol Physical Meaning Unit

m1 Unsprung mass kg V0 Initial gas volume m3

m2 Sprung mass kg V1 Gas volume at an arbitrary state m3

xg Random road displacement m Pg0 Initial gas pressure MPa

x1 Unsprung mass displacement m Pg1 Gas pressure at an arbitrary state MPa

x2 Sprung mass displacement m r Gas polytropic exponent -

..
x1 Unsprung mass acceleration m/s2 ∆P Pressure difference between

Chamber I and Chamber II MPa

..
x2 Sprung mass acceleration m/s2 q Flow rate m3/s
.
x1 Unsprung mass velocity m/s Cd Flow coefficient -

.
xg

Velocity excitation of
uneven road m/s A0

Cross-sectional area of the
throttle orifice m2

k1 Tire stiffness kN/m ρ Oil density kg/m3

c1 Tire damping coefficient kN·s/m A01
Effective cross-sectional area of the

constantly open damping orifice m2
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Table 1. Cont.

Symbol Physical Meaning Unit Symbol Physical Meaning Unit

A1
Effective cross-sectional area

of Chamber I m2 A02
Effective cross-sectional area of the

check valve m2

A2
Effective cross-sectional area

of Chamber II m2 d01
Equivalent diameter of the

constantly open damping orifice m

Ps0
Chamber pressure at the static

equilibrium position MPa d02
Equivalent diameter of the

check valve m

P1 Pressure of Chamber I MPa z Relative displacement between the
piston rod and cylinder barrel m

P2 Pressure of Chamber II MPa
.
z Relative velocity between the

piston rod and cylinder barrel m/s

2.1. Quarter-Vehicle Model with Hydro-Pneumatic Suspension

The research object of this study is a mining truck equipped with a hybrid hydro-
pneumatic suspension (HPS), and its quarter-vehicle model is shown in Figure 2a. All
parameters involved in the model are defined in Table 1.

  
(a)  (b)  

Figure 2. Quarter-vehicle model and its suspension structure. (a) Quarter-vehicle model with hybrid
HPS, (b) schematic of the hybrid HPS.

Figure 2b shows a simplified structural diagram of the hybrid HPS, which is mainly
composed of a cylinder barrel, a piston rod, and a piston assembly. There are two chambers
inside the suspension cylinder, designated as Chamber I and Chamber II, respectively. The
wall of the piston rod is provided with a damping orifice and a one-way valve orifice. The
upper part of Chamber I and the entire Chamber II of the HPS are filled with hydraulic
oil, while the lower part of Chamber I is filled with inert gas. Here, D represents the
inner diameter of the cylinder barrel, and d represents the outer diameter of the piston
rod. The inert gas acts as an elastic element, while the hydraulic oil in the suspension
cylinder serves three functions: energy transmission, energy transfer, energy control, and
additional lubrication. Due to the compressibility of the high-pressure nitrogen gas inside
the suspension cylinder, the relative movement between the piston rod and the cylinder
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barrel causes changes in the gas volume, thereby absorbing and releasing energy. During
the compression stroke of the suspension hydraulic cylinder, the one-way valve opens,
the volume of the annular chamber inside the cylinder increases, and the hydraulic oil
flows from Chamber I to Chamber II through the fixed damping orifice and the one-way
valve orifice. The damping force encountered during this movement is relatively small,
and the gas in the air chamber is compressed to absorb energy. During the extension stroke
of the suspension hydraulic cylinder, the one-way valve orifice closes, the volume of the
annular chamber decreases, and the hydraulic oil flows only from Chamber II to Chamber
I through the damping orifice. The damping force during this movement is relatively
large, and the gas in the air chamber expands to release energy. It can be concluded that
the fixed damping orifice of the piston rod and the effective flow area of the one-way
valve in the suspension hydraulic cylinder directly affect the working characteristics of
the suspension cylinder. Together with the cross-sectional area of the rodless chamber and
the cross-sectional area of the rod chamber of the hydraulic cylinder, these parameters
determine the vibration-damping performance of the entire HPS system.

To simplify the analysis, this study regards the tire as a linear stiffness element, which
is a general assumption adopted in vehicle dynamics modeling for road surface spectrum
identification [23]. However, it should be noted that tire load variations (e.g., load fluctua-
tions during the loading and unloading operations of mining dump trucks) will affect the
tire stiffness characteristics and thereby alter the transmission law of road excitation [24].
This study focuses on the core issue of road surface spectrum identification under the
constant-speed and constant-load condition (a typical working condition during the trans-
portation phase of mining dump trucks), where the linear stiffness assumption can meet
the accuracy requirements for the identification of road PSD parameters. According to
Newton’s second law, the dynamic equations of the quarter-vehicle model can be obtained
as follows:

m1
..
x1 = −k1

(
x1 − xg

)
− c1

( .
x1 −

.
xg
)
− F − m1g (1)

m2
..
x2 = F − m2g (2)

All variables in Equations (1) and (2) are defined in Table 1, where F denotes the force of
the HPS (the detailed calculation is given in Section 2.2).

2.2. Mathematical Model for Force Analysis of the HPS

Based on the simplified structural diagram of the HPS shown in Figure 2, let z and
.
z

represent the relative displacement and relative velocity between the piston rod and the
cylinder barrel (or the displacement and velocity of the hydro-pneumatic strut), respectively.
The extension direction is defined as positive to ensure consistency with the sign convention
in the quarter-vehicle model. Drawing on the research experience of simplified hydraulic
shock absorbers, the following assumptions are made when calculating the nonlinear
force generated by the HPS [25]: 1⃝ It is assumed that there is no leakage between the
piston, piston rod, and cylinder barrel. 2⃝ It is assumed that the HPS has good heat
dissipation; the influence of temperature on the resistance characteristics is not considered,
and the hydraulic oil temperature is regarded as constant throughout the extension and
compression working processes. 3⃝ The compressibility of the hydraulic oil is neglected,
and the bulk modulus of the hydraulic oil is assumed to be constant. 4⃝ The elastic
deformation of the rigid components of the system caused by pressure changes is neglected.
5⃝ The gravitational potential energy of the working hydraulic oil is ignored. 6⃝ The

instantaneous pressure is uniform everywhere in the same chamber.
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The effective cross-sectional areas of the two chambers (Chamber I and Chamber II)
are as follows:

A1 = π
4 D2

A2 = π
4
(

D2 − d2)
}

(3)

Under static equilibrium, we have the following:

m2g = Ps0(A1 − A2) =
π

4
Ps0d2 (4)

(1) Force equation of the entire chamber. Taking the oil cylinder as the research object,
we can obtain the following:

F = P1 A1 − P2 A2 (5)

(2) The gas in the air chamber of the HPS is nitrogen, whose properties are similar to
those of an ideal gas. Its state change process can be expressed as follows:

Pg1Vr
1 = Pg0Vr

0 (6)

where variables V0, V1, Pg0, Pg1 refer to Table 1; r denotes the gas polytropic exponent.
During rapid loading, the gas undergoes an adiabatic process, where r = 1.4; during slow
loading, the gas undergoes an isothermal process, where r = 1. In practical scenarios,
dump trucks experience road jolts, and the suspension is mostly subject to rapid loading,
so the gas polytropic exponent is usually taken as r = 1.4.

(3) The pressure difference between Chamber I and Chamber II is expressed as follows:

∆P = P1 − P2 (7)

where ∆P is generated by the damping of the damping orifice and one-way valve of the
suspension cylinder.

(4) For the mathematical model of the orifice, according to the throttling theory of
liquid passing through a thin-walled orifice [26], we can obtain the following:

∆P =
1
2

ρ

(
q

Cd A0

)2
(8)

For the damping orifice with a one-way valve, we can obtain the following:

A0 = A01 + 0.5A02
(
1 − sign

( .
z
))

(9)

where A01 = π/4d2
01, A02 = π/4d2

02; sign(·) denotes the signum function.
Substituting Equation (9) into Equation (8), we can obtain the following:

∆P =
1
2

ρ

(
q

Cd
(

A01 + 0.5A02
(
1 − sign

( .
z
))))2

(10)

When the hydro-pneumatic strut is in a compressed state, the one-way valve opens;
otherwise, the one-way valve closes. When the flow rate is constant, an increase in A0 will
cause the pressure difference ∆P to decrease, and the resulting damping force will also
decrease accordingly.

(5) Calculation of flow rate q. When the piston rod moves upward by z relative to the
piston cylinder, the increase in the liquid volume of Chamber II is ∆V2 = A2z Taking the
derivative of both sides with respect to time, we obtain the following:

q = A2
.
z (11)
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(6) The force on the entire chamber can be written as follows:

F = P1 A1 − (P1 − ∆P)A2 = P1(A1 − A2) + ∆PA2 = Fk − Fd (12)

Combining Equation (6) and Equation (10), Equation (12) can be written as follows:

F =
Pg0Vr

0 (A1 − A2)

(V0 + (A1 − A2) · z)r −
1
2

ρ

(
A2

.
z

Cd
(

A01+0.5A02
(
1 − sign

( .
z
))))2

A2sign(
.
z) (13)

It can be seen that the total force acting on the entire hydro-pneumatic strut consists
of the elastic force Fk generated by the gas and the damping force Fd generated by the
hydraulic oil.

2.3. Road Surface Time-Domain Modeling Based on the IFFT Method

The road surface serves as the primary excitation source for vehicle systems, and road
surface models form the foundation for full-vehicle simulations—particularly for analyzing
vehicle ride comfort, handling stability, durability, and component load. The random
linear vibration theory constructed based on road surface PSD and transfer functions is not
applicable to vehicle dynamic models with nonlinear HPS; such nonlinear dynamic models
require solutions using time-domain difference methods. Currently, the main methods for
time-domain modeling of road surface irregularities include: the harmonic superposition
method, the filtered white noise method, the AutoRegressive Moving Average (ARMA)
model method, the Poisson method, and the IFFT method. The IFFT method exhibits
efficient and accurate reconstruction capabilities, making it highly suitable for establish-
ing road surface time-domain models [27,28]. It should be noted that the fundamental
frequency of the engine is relatively high, and its impact on the results is minimal after
filtering; therefore, the influence of engine excitation is neglected in the simulation.

The International Organization for Standardization (ISO) recommends that the statis-
tical characteristics of road surface irregularities be represented by the PSD [29], and its
spatial frequency PSD can be expressed as follows:

Gq(n) = Gq(n0)

(
n
n0

)−2
(14)

where n represents the spatial frequency, Gq(n0) denotes the irregularity index, and n0

stands for the spatial reference frequency.
The parameters in the expression of Equation (14) mainly depend on the road surface

irregularity index Gq(n0), making it more suitable for paved roads. To further charac-
terize the statistical properties of road surface irregularities for unpaved roads, ADAMS
(Automatic Dynamic Analysis of Mechanical Systems) uses 3 parameters—Ga, Gs, and
Ge—to describe the statistical characteristics of random road surfaces. These parameters
can simultaneously reflect the energy distribution at the levels of displacement, gradient,
and curvature, and are more consistent with real-world road conditions (especially when
the attenuation rates at low and high frequencies differ) [30]. Its expression is as follows:

Gq(n) = Ge +
Gs

(2πn)2 +
Ga

(2πn)4 (15)

where the amplitude of the first term is Ge, which is a white noise elevation term; the
amplitude of the second term is Gs, which is a white noise gradient (or equivalent velocity)
term and requires one integration with respect to time; the amplitude of the third term is
Ga, which is a white noise acceleration term and requires two integrations with respect to
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time. In this regard, the differences between different random road surfaces depend on Ge,
Gs, and Ga.

Based on the relationship between spatial frequency and temporal frequency, the
expression of the road PSD under temporal frequency is obtained as follows:

Gq( f ) = Ge +
v2Gs

(2π f )2 +
v4Ga

(2π f )4 (16)

where v denotes the vehicle traveling speed, and f represents the temporal frequency.
Based on the relationship between the PSD and the amplitude spectrum, Gq(f) can be

expressed as follows:

Gq( f ) =
2
T
∣∣Xg( f )

∣∣2 =
2
T

∣∣∣∣∫ T

0
xg(t)e−j2π f tdt

∣∣∣∣2 (17)

where Xg(f) denotes the amplitude spectrum of road surface irregularities, xg(t) repre-
sents the displacement of road surface irregularities over time, and T stands for the total
sampling time.

The phase spectrum can be regarded as a uniformly random distribution within the
range of [0, 2π]. According to Equation (17), the amplitude spectrum is obtained through
discrete sampling calculation, and then the time-dependent variation relationship of road
surface irregularities can be acquired via IFFT. Under the condition of a vehicle speed
of 20 km/h, the time-domain curves of road surface irregularities for China’s national
standard road classes C and D are shown in Figure 3. It can be verified that the root mean
square (RMS) values of the road surface irregularity displacements at this time are 0.015 m
and 0.0301 m, respectively, which are consistent with the results of the national standard [31].
This proves the reliability of time-domain modeling based on the IFFT method.

Figure 3. Road surface irregularity displacements of China national standard road Classes C and D at
a vehicle speed of 20 km/h.

By the same token, the time-domain curves of irregularities for ADAMS’ rough asphalt
pavement and rough cement pavement at a vehicle speed of 20 km/h can be obtained, as
shown in Figure 4.
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Figure 4. Road surface irregularity displacements of ADAMS’ rough asphalt pavement and rough
cement pavement at a vehicle speed of 20 km/h.

3. Simulation of Random Road Surface Suspension System
Based on material parameters, structural parameters, installation parameters, and

bench test data, the model parameters of a quarter -vehicle with nonlinear HPS for a
mining dump truck were obtained, as shown in Table 2. Among these parameters, the road
spectrum values of the rough rigid cement road in ADAMS are Ge = 0.1

(
m3/cycle × 10−6),

Gs = 35
(
m/cycle × 10−6), and Ga = 0.3

(
1/(m·cycle)× 10−6) [32]. The simulation

results of the quarter -vehicle on the random rough rigid cement road in ADAMS can be
easily obtained, as shown in Figures 5 and 6.

Table 2. Parameters of quarter-vehicle dynamic simulation.

Name Symbol Value Unit Name Symbol Value Unit

Vehicle Speed v 20 km/h Check Valve Diameter d02 10 mm

Unsprung Mass m1 2000 kg Hydraulic Oil Density ρ 860 kg/m3

Tire Stiffness kt 1400 kN/m Cylinder Bore Diameter D 190 mm

Sprung Mass m2 8800 kg Piston Rod Outer
Diameter d 150 mm

Gas Polytropic
Exponent r 1.4 --- Charging Pressure P1 4.85 MPa

Damping Orifice
Diameter d01 8 mm Charging Volume V1 1.25 L

Figure 5. Time-domain acceleration responses of unsprung mass and sprung mass.
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Figure 6. Frequency-domain acceleration responses of unsprung mass and sprung mass.

4. Experiments and Data Processing
4.1. Vibration Test of Mining Dump Truck

At the test site, a vibration test was conducted on the mining dump truck to obtain
the accelerations of the sprung mass and unsprung mass. Figure 7 shows the vibration
test scheme and its layout, while Figure 8 presents the vehicle and equipment used in the
test. The main test and analysis instruments include the German M + P signal acquisition
and analysis system, PCB vibration sensors, and SO Analyzer 4.0 software. The measuring
points of the acceleration sensors are arranged at the upper and lower ends of the HPS to
measure the acceleration responses of the sprung mass and unsprung mass, respectively.
During the experiment, the sampling frequency was set to 512 Hz, and the vehicle traveled
at a constant speed of 20 km/h on the road to measure the accelerations of the unsprung
mass and sprung mass. Considering the poor display effect of SO Analyzer, the experimen-
tal data were exported to MATLAB R2022a for further visualization, as shown in Figure 9.
This figure depicts the acceleration responses of the sprung mass and unsprung mass when
the vehicle is traveling at 20 km/h. Assuming that the road conditions between the left
and right wheels, as well as the front and rear wheels of the vehicle, are approximately the
same, the vehicle can be approximately simplified as a quarter-vehicle model.

xg

HPS

Vehicle 
body

x1

x2,m2

,m1

k1

Accelerometer

Data display and 
processing module
（So analyzer）

Dynamic signal 
acquisition module
（M+P pilot）

Figure 7. Vibration test scheme and its layout.
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Test vehicle Test road Acceleration sensor Data acquisition equipment  
Figure 8. Vehicle and equipment for the experiment.

 
Figure 9. Measured time-domain acceleration responses of unsprung mass and sprung mass.

4.2. Wavelet Analysis Theory

Wavelet analysis is a signal processing method developed based on the Fourier trans-
form, which can characterize the local features of signals in both the time domain and the
frequency domain [33–35]. Through wavelet analysis, the original signal can be decom-
posed into a series of sub-signals with different frequency ranges, specifically, as follows:

f (t) = an(t) + dn(t) + dn−1(t) + . . . + d2(t) + d1(t) (18)

where f (t) is the original signal, a is the low-frequency approximate part, d is the high-
frequency detailed part, and n represents the number of decomposition layers.

The tree structure of signal decomposition using wavelet analysis is shown in Figure 10,
which depicts a 3-layer decomposition process. In the figure, Fs denotes the sampling fre-
quency of the original signal. As can be seen from Figure 10, the low-frequency component
in each layer decomposes the signal into two frequency bands, each occupying half of
the bandwidth, while the high-frequency component is not decomposed. Therefore, for a
given signal, an appropriate decomposition level can be determined to make the frequency
components of interest fall into a specific frequency band. Meanwhile, the time-domain
reconstructed signal within this frequency band can be easily obtained for further analysis.
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Figure 10. Wavelet decomposition and its frequency band division law.

4.3. Wavelet Data Processing

The input of the vehicle model established in this paper only comes from road ir-
regularity excitation. To ensure that the simulation results are as close as possible to the
experimental results, combined with the wavelength of road irregularity and the vehicle
driving speed, the test signals are filtered based on wavelet analysis to obtain the recon-
structed time-domain signals within the frequency band of interest. In this study, the
db4 wavelet basis (Daubechies 4 wavelet) is adopted. Characterized by compact sup-
port and moderate smoothness, it can effectively balance the resolution in both the time
and frequency domains, making it suitable for feature extraction of non-stationary road
vibration signals. It is a commonly used wavelet basis type in vehicle dynamics signal
processing [33,34].

It is worth noting that according to the measured data of the Perryman area in the
United States mentioned in reference [36], the spatial frequency range of unpaved roads
is mainly between 0.011 and 1.6 m−1. Given that the common speed range of mining
dump trucks is [0, 60 km/h], the temporal frequency range of the road surface can be
derived as [0, 26.7 Hz]. Combined with the sampling frequency of the road vibration
signal (512 Hz), this study adopts the frequency bandwidth matching method to determine
the number of decomposition layers. After 3-layer decomposition with the db4 wavelet,
the low-frequency approximate component corresponds to the [0, 32 Hz] frequency band,
which exactly and completely covers the target signal range [0, 26.7 Hz]. This approach
can not only accurately extract the features related to road excitation, but also eliminate
high-frequency noise interference. Meanwhile, three-layer decomposition can balance
the adequacy of feature extraction and computational redundancy. If the number of
decomposition layers is insufficient (e.g., 2 layers), the frequency band of the low-frequency
component will be too wide ([0, 64 Hz]), leading to the mixing of irrelevant high-frequency
noise. If the number of layers is excessive (e.g., 4 layers), the frequency band of the low-
frequency component will be overly narrow ([0, 16 Hz]), which will result in the loss of key
medium-high frequency components of road excitation and increase the risks of redundant
computation and spurious features. Therefore, selecting 3-layer decomposition for signal
reconstruction has clear rationality.

After reconstructing the low-frequency signal of the third layer via wavelet analysis,
the time-domain signal within the range of [0, 32 Hz] is shown in Figure 11. Following the
Fast Fourier Transform (FFT) of the acceleration, the PSD curve is shown in Figure 12, and
the feature quantities of the reconstruction results are shown in Table 3.
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Figure 11. Measured time-domain acceleration responses of unsprung mass and sprung mass after
wavelet reconstruction.

Figure 12. Measured frequency-domain acceleration responses of unsprung mass and sprung mass
after wavelet reconstruction.

Table 3. Time–frequency domain feature quantities of experimental results after wavelet reconstruction.

Unsprung
Acceleration

Sprung
Acceleration Unit

Time Domain

Root Mean
Square (RMS) 2.57 1.76 m/s2

Min −12.21 −6.77 m/s2

Max 16.31 7.38 m/s2

Frequency
Domain

Max PSD 8.08 12.92 (m/s2)2/Hz
Frequency at

Max PSD 1.67 1.67 Hz

5. Optimization Model for Road Spectrum Identification
Identifying the PSD of actual random road surfaces involves obtaining 3 parameters

of random road surfaces, namely, Ge, Gs, and Ga. To reliably identify the parameters of the
random road surface PSD, multiple feature quantities in the time—frequency domain of
the response data are selected, with the optimization objective of minimizing the errors
of these feature quantities to achieve the best approximation between simulation and
experimental results. Based on the time—frequency domain feature quantities obtained
from experiments, the following optimization model is constructed.
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(1) Design Variables
X = [Ge, Gs, Ga]

T (19)

(2) Objective Function
To ensure that the simulation system can fully reflect the experimental response results

and render the identification outcomes more universally applicable, the objective function
is designed to minimize multiple feature quantities in both the time domain and frequency
domain between the simulation and experiment, forming a multi-objective optimization
problem. For this purpose, corresponding weights are assigned to each feature quantity,
and the established objective function is presented as follows:

f (X) = ω1

(
arms

1 −2.57
2.57

)2
+ ω2

(
arms

2 −1.76
1.76

)2
+ ω3

(
amin

1 +12.21
12.21

)2
+

ω4

(
amax

1 −16.31
16.31

)2
+ ω5

(
amin

2 +6.77
6.77

)2
+ ω6

(
amax

2 −7.38
7.38

)2
+ ω7

(
f max
1 −1.67

1.67

)2
+

ω8

(
f max
2 −1.67

1.67

)2
+ ω9

(
Pmax

1 −8.08
8.08

)2
+ ω10

(
Pmax

2 −12.92
12.92

)2

(20)

where, arms
1 , arms

2 , amin
1 , amax

1 , amin
2 , amax

2 , fmax
1 , fmax

2 , Pmax
1 , Pmax

2 denote the feature quantities
obtained from the quarter-vehicle model simulation and corresponding data processing.
Specifically, they are the RMS value of unsprung mass acceleration, the RMS value of sprung
mass acceleration, the minimum value of unsprung mass acceleration, the maximum
value of unsprung mass acceleration, the minimum value of sprung mass acceleration, the
maximum value of sprung mass acceleration, the frequency corresponding to the maximum
amplitude of the PSD of unsprung mass acceleration in the frequency domain, the frequency
corresponding to the maximum amplitude of the PSD of sprung mass acceleration in the
frequency domain, the maximum amplitude of the PSD of unsprung mass acceleration in
the frequency domain, and the maximum amplitude of the PSD of sprung mass acceleration
in the frequency domain. ω1, ω2, · · · , ω10 represent the weights of these feature quantities.
Considering comprehensive factors, the values of the weight coefficients are set as shown
in Table 4.

Table 4. Values of weight coefficients.

w1 w2 w3, w4 w5, w6 w7, w8 w9, w10

10 15 1 1 2 1

(3) Constraint Functions
The constraint functions mainly refer to boundary constraints. Based on the definitions

and various road-specific values of Ga, Gs, and Ge provided in reference [30], and after
careful consideration, the value ranges of the design variables are set as shown in Table 5.

Table 5. Value ranges of design variables.

Design
Variable Symbol Min Max Unit

X1 Ga 0 1 1/(m·cycle ) × 10−6

X2 Gs 10 100 m/cycle × 10−6

X3 Ge 0 1 m3/cycle × 10−6

It should be noted that the selection of characteristic parameters and the setting of
weight coefficients in this study are based on engineering experience and preliminary anal-
ysis. Although the results demonstrate that this method achieves favorable identification
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performance under the current settings, the systematic optimization of feature and weight
selection, along with the sensitivity analysis of their impacts on the results, constitutes a
promising direction for future in-depth research, aiming to further enhance the adaptability
and robustness of the method.

6. PSD Identification of Random Road Surfaces
When performing a Fourier transform on time-domain signals, their PSDs are affected

by the sampling frequency and total sampling time. Therefore, to ensure the comparability
of PSD between simulation and experimental results, the sampling frequency and total
sampling time of the simulation are set to be the same as those of the experiment, i.e., 512 Hz
and 60 s.

Surrogateopt belongs to the category of surrogate optimization, which is particularly
suitable for optimization problems where each evaluation of the objective function requires
significant time or computational resources. The fundamental idea of the algorithm is
as follows: when directly optimizing the expensive real function f (x) is infeasible, a
computationally inexpensive surrogate model s(x) is constructed to approximate it. Then,
through an intelligent sampling strategy, the most promising points are iteratively selected
to evaluate the real f (x), and the new real data are used to update and improve the
surrogate model, making it increasingly approximate the true function and, ultimately,
guiding the search toward the optimal solution.

Surrogateopt can address the issue that traditional optimization algorithms, such as
interior-point methods and SQP, require real-time gradient information [37]. Meanwhile,
Surrogateopt leverages all information from the evaluation history to construct a statistical
mathematical model. This overcomes the drawback of heuristic algorithms (e.g., particle
swarm optimization, genetic algorithms) that fail to explicitly establish an approximate
model of the entire problem space, leading to low search efficiency. Consequently, it can
significantly enhance optimization efficiency [38].

In fact, each simulation result in this paper requires solving differential equations for
60 s, resulting in extremely high evaluation costs. Meanwhile, there is no direct mathemati-
cal relationship between the objective function constructed in this paper and the design
variables. To address this, in order to improve optimization efficiency and achieve the best
approximation of the actual road spectrum, the Surrogateopt algorithm is selected herein
to solve the established optimization model.

To ensure the reproducibility of this study, the key implementation details of the
surrogateopt algorithm are specified as follows: Latin hypercube sampling is adopted
to generate initial samples (the number of samples is 10 times the variable dimension,
i.e., 30 points), and a radial basis function surrogate model is constructed. In addition to
a fixed number of iterations (200 times), the maximum number of function evaluations
(500 times) and function value tolerance (1 × 10−4) are also set as stopping criteria. Each
objective function evaluation (i.e., a single 60 s time-domain simulation) takes an average
of approximately 12 s on the computing platform used (Intel Core i7-12700H, 32 GB RAM),
and the completion of the entire optimization requires about 40 min. This demonstrates
the efficiency advantage of the surrogate model method in addressing such high-cost
simulation optimization problems.

The Surrogateopt algorithm is employed to solve the optimization model constructed
in this paper, and the optimization iteration process is shown in Figure 13. After 200 opti-
mization iterations, the minimum objective function value of 0.7660 is obtained. Table 6
presents the road spectrum identification results achieved by minimizing the feature quan-
tity errors between simulation and experiment.
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Figure 13. Optimization iteration process of the Surrogateopt algorithm.

Table 6. PSD identification results.

Design Variable Symbol Identified Value Unit

X1 Ga 0 1/(m·cycle ) × 10−6

X2 Gs 32 m/cycle × 10−6

X3 Ge 0.8819 m3/cycle × 10−6

7. Discussion on Road Spectrum Identification Results
Based on the random road spectrum parameters identified in Table 6, the time-domain

curve of road irregularity is obtained using the IFFT method, as shown in Figure 14. Using
this time-domain curve of road irregularity, a dynamic simulation of the quarter-vehicle
model equipped with an HPS is performed. The simulation results of the unsprung and
sprung mass accelerations are shown in Figures 15 and 16, respectively. The corresponding
feature quantities and their errors relative to the experimental feature quantities are shown
in Table 7.

Figure 14. Time-domain curve of road irregularity for the identified road spectrum.
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Figure 15. Time-domain responses of sprung and unsprung mass accelerations for the identified
road spectrum.

Figure 16. PSD responses of sprung and unsprung mass accelerations for the identified road spectrum.

Table 7. Time—frequency domain feature quantities and their errors between experimental and
simulation results.

Experiment Simulation Unit Relative
Error

Time Domain

Unsprung
RMS 2.57 2.60 m/s2 1.15%
Min −12.21 −12.61 m/s2 3.28%
Max 16.31 10.09 m/s2 −38.14%

Sprung
RMS 1.76 1.63 m/s2 −7.39%
Min −6.77 −4.69 m/s2 −30.72%
Max 7.38 5.66 m/s2 −23.31%

Frequency
Domain

Unsprung Max PSD 8.08 7.37 (m/s2)2/Hz −8.79%
Frequency at Max PSD 1.67 1.42 Hz −14.97%

Sprung Max PSD 12.92 19.89 (m/s2)2/Hz 53.95%
Frequency at Max PSD 1.67 1.42 Hz −14.97%

7.1. Analysis of Identification Accuracy and Consistency

The proposed road spectrum identification method exhibits good accuracy in key
characteristic parameters. As can be seen from Table 7, the relative errors between the
simulation and experiment results are small for the RMS values of the sprung and unsprung
mass accelerations, which characterize the overall vibration energy (with values of −7.39%
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and 1.15%, respectively). Meanwhile, the error of the characteristic frequency that reflects
the dominant vibration mode of the system is −14.97%. The errors of these core parameters
are all controlled within 15%, indicating that this method can effectively capture the main
statistical characteristics of the actual road surface, and its identification results can provide
more reliable inputs for vehicle dynamics simulation compared with traditional empirical
classification methods.

The comparison between simulation and measured results also reveals certain discrep-
ancies. The RMS value of sprung mass acceleration obtained from simulation is slightly
lower than that from experiments. This may be attributed to the fact that the experimental
signals still contain residual excitations from components such as the engine, and the roll
and pitch motions of the actual vehicle are not represented in the quarter-car model. These
factors together result in the generally lower simulated peak accelerations compared with
the experimental values shown in Table 7.

It should be pointed out that there are relatively large errors in some transient character-
istics (e.g., acceleration extreme values) and local frequency-domain amplitudes (e.g., Max
PSD of sprung mass) presented in Table 7. These errors are mainly attributed to the
following two reasons:

(1) Extreme values are susceptible to single large shocks or noise interference and
feature high randomness, which are not the key parameters that this method aims to
accurately reproduce.

(2) The deviation of PSD amplitude may reflect the discrepancy between the damping
characteristics of the model and the actual situation. However, this method accurately
identifies the dominant frequency, which is more crucial for the parameter inversion of
road spectrum.

In summary, this method demonstrates favorable engineering applicability in identify-
ing the parameters of road statistical characteristics, despite its limitations in reproducing
all transient details.

7.2. Notes on Verification Scope and Universality

The verification work of this study is based on the test data collected from a single road
segment under the condition of a constant speed (20 km/h) with a single vehicle, which
constitutes a limitation of the current conclusions. Although the proposed methodological
framework is theoretically generic, its effectiveness and robustness across different vehicle
types, various driving speeds, and a broader range of unpaved road types still await further
verification and calibration through more comprehensive test data in future research.

7.3. Model Limitations and Future Research Directions

The quarter-car model adopted in this study does not take into account the pitch and
roll motions of the vehicle, as well as the excitation differences between the left and right
wheels. Theoretically, this will introduce unquantified errors into the characterization of
features such as acceleration extreme values and PSD peak values. At the current stage,
this simplification is intended to focus on the principle verification of the feature fusion and
inversion framework, and the consistency between simulation and experiment in terms of
key characteristic parameters (see Table 7) indicates that its feasibility is acceptable.

Future research extensions should prioritize the establishment of a half-car or full-
vehicle model incorporating pitch and roll degrees of freedom, so as to quantify the impacts
caused by the current simplifications and improve the accuracy under complex working
conditions. Further work can include integrating multi-sensor information, optimizing
the cross-platform adaptability of algorithms, and developing real-time systems, thereby
promoting the engineering application of this method in a broader range of scenarios.

https://doi.org/10.3390/computation14020036

https://doi.org/10.3390/computation14020036


Computation 2026, 14, 36 20 of 22

8. Conclusions
Based on the establishment of a vehicle dynamic simulation model with nonlinear HPS

and the collection of real-vehicle test data, this study organically integrates technologies
such as IFFT-based road time-domain reconstruction, HPS system modeling, wavelet data
processing, optimization model construction, and surrogate model optimization. This
integration achieves accurate identification of the actual tested road spectrum, providing a
fast and effective method for identifying unpaved road spectra.

This study comprehensively considers multiple time-frequency domain features of
simulations and experiments, constructs a multi-objective optimization function for time-
frequency domain feature errors, and employs an advanced surrogate optimization algo-
rithm. The results show that the relative errors of several key features (root mean square
values and feature frequencies) are all less than 15%, demonstrating reliable identifica-
tion performance.

The proposed method does not rely on expensive direct measurement equipment.
Instead, it can achieve fast and reliable identification of the corresponding road spectrum
only by collecting data through conventional acceleration sensors and utilizing a suspen-
sion dynamic simulation model. This provides an engineering-practical road spectrum
input scheme for the dynamic simulation and performance evaluation of mining vehicles
operating on unpaved roads, featuring strong engineering applicability.

Author Contributions: Conceptualization, B.Q. and C.J.; methodology, B.Q. and C.J.; software, B.Q.;
validation, B.Q. and C.J.; investigation, B.Q.; resources, B.Q. and C.J.; data curation, B.Q.; writing—
original draft preparation, B.Q.; writing—reviewand editing, B.Q. and C.J.; formal analysis, B.Q.;
supervision, C.J. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Data Availability Statement: The original contributions presented in the study are included in the
article, and further inquiries can be directed to the corresponding author.

Conflicts of Interest: The authors declare no conflicts of interest.

References
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