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ABSTRACT ARTICLE HISTORY
This paper examines a dynamic sampling technique for optimising the collection and Received 25 April 2025
storage of gravel road condition data by reducing redundancy while preserving accu- Accepted 28 July 2026

racy. Advances in sensor technology and Information and Communication Technology KEYWORDS

(ICT) enable large-scale condition assessment but generate vast amounts of data, mak- Condition assessment; data
ing efficient collection and storage essential. The Dynamic Sampling Rate Algorithm- reduction; dynamic
Parametric Machine Learning Optimisation (DSRA-PMLO) was applied to simulated sampling; fault detection;
datasets and vehicle vibration response (VVR) signals collected using an Integrated gravel road; vehicle vibration
Electronics Piezo-Electric (IEPE) accelerometer on three gravel roads with varying surface response

conditions. The algorithm was evaluated using error thresholds of 5-50%. Results show

that DSRA-PMLO substantially reduces data volume without significant information loss.

At a 20% error threshold, approximately 50% of the original data was sufficient for

accurate condition assessment, while faults including potholes, corrugation, and loose

gravel remained reliably detectable. Reduced data collection also lowers storage, band-

width, and energy requirements.

1. Introduction

Gravel roads constitute a significant portion of the global road network and are crucial infrastructure for
rural development and well-being. In Sweden, private and state-owned gravel roads account for approxi-
mately 20% of the total national road network, which spans around 580,000 kilometres, excluding forest
roads (Kans, Campos, & Hakansson, 2020). Compared to paved roads, gravel roads deteriorate more rapidly
and are more prone to dust and road surface irregularities, such as potholes, corrugations, rutting and loose
gravel. These irregularities contribute to accelerated vehicle wear and tear, reduced ride comfort, increased
travel time, and increased fuel consumption for fuel-powered engines (Mbiyana et al., 2022). Moreover,
gravel road surface irregularities pose a significant risk of traffic accidents, imposing substantial societal
costs (Bardal & Jergensen, 2017; Hurtig et al., 2023). Potholes, corrugations, and rutting can significantly
reduce vehicle stability and control, ultimately compromising safety. Additionally, dust can impair the
driver’s vision (Albatayneh, Forslof, & Ksaibati, 2019; Rafiei et al., 2025). In Sweden, accidents related to
gravel roads are estimated to cost around EUR 13.4 billion annually, or 2.6% of the GDP (International
Transport Forum, 2021; Swedish Civil Contingencies Agency [MSB], 2012). Furthermore, the environ-
mental and health damage of dust from gravel roads is estimated to cost USD 1,500/km/year (Albatayneh,
Forslof, & Ksaibati, 2019; Aleadelat & Ksaibati, 2018).

Regular maintenance of gravel roads is essential to keep the road network in good condition. While
national strategies and management practices differ, current maintenance strategies primarily rely on
predetermined maintenance activities (Edvardsson, Lundberg, & Sjogren, 2015). However, maintenance
needs vary depending on traffic and weather conditions (Alzubaidi & Magnusson, 2002), highlighting the
need for more adaptive and data-driven strategies to optimise road performance (Mbiyana, Kans, &
Campos, 2021). Human visual inspection and manual assessment have traditionally been the primary
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methods for monitoring road conditions, including gravel roads (Hong Pham et al., 2024). However, these
approaches are prone to human error, inconsistent, and resource-intensive (Mbiyana et al., 2022).
Advancements in digital technologies, including Information and Communication Technology (ICT) and
the Internet of Things (IoT), now enable large-scale data collection on infrastructure conditions (Ben-
Aboud et al., 2021; Hong Pham et al., 2024). This data can be processed, analysed, visualised, and fed into
intelligent algorithms to assess and predict road conditions (Hong Pham et al., 2024; Mbiyana, Kans, &
Campos, 2021).

Participatory condition data collection could be a cost-effective approach for evaluating the condition of
gravel roads by enabling broader coverage and large-scale data acquisition (H. Kim, Ahn, & Yang, 2016;
Nunes & Mota, 2019). It has already been successfully applied in fields such as personal health tracking, air
quality monitoring, real-time traffic analysis, and noise mapping (Nunes & Mota, 2019). While not a new
concept, its application in road maintenance remains limited. In (Mbiyana & Kans, 2024), a participatory
data collection approach is proposed to support maintenance planning and decision-making, potentially
improving unpaved road management. Advances in sensors and digitalisation are expected to further
enhance data-driven approaches for gravel road assessment (Nizeti¢ et al., 2020). The transport sector
generally contributes significantly towards greenhouse gas emissions (Pampolina et al., 2024). Thus,
leveraging management strategies that integrate sensors and digitalisation could improve real-time condi-
tion monitoring and forecasting and minimise the environmental impact, leading to more efficient main-
tenance strategies.

Nevertheless, large amounts of data might pose new challenges for data collection and storage systems.
As large amounts of gravel road condition data are collected over time, the demand for storing and
managing the data vis-a-vis data centres increases. Therefore, more energy would be required for cooling
systems, increasing energy consumption and carbon emissions, with research showing that big data centres
consume up to 1,000 kWh per square meter (Ahmed, Bollen, & Alvarez, 2021). Moreover, the processing
capabilities and transmission networks to the storage centre are strained, and thus, more energy-efficient
and sustainable transmitting and computing solutions would be needed (Algabroun, 2020). Furthermore,
gravel roads are often found in remote areas where internet connections can be challenging. Therefore, the
real-time transmission of large amounts of condition data collected to the data centre is affected, thus
demanding a large offline storage capacity. Dynamic or adaptive sampling, sometimes referred to as data
compression algorithm techniques (Daniel et al., 2021), can be a solution for efficient data collection and
storage.

Therefore, a dynamic sampling algorithm can be integrated into a participatory data collection system to
remove the accumulated redundant data before transmitting the data for storage. This paper examines the
impact of a dynamic sampling technique in reducing redundant data before storage and subsequent
analysis. Given the absence of an adaptive sampling technique specifically tailored for vibration measure-
ments, this research applies and adapts the Dynamic Sampling Rate Algorithm - Parametric Machine
Learning Optimisation (DSRA-PMLO), previously proposed by Algabroun and Hakansson, (2025), to
vehicle vibration response data for gravel road condition assessment. The study evaluates the applicability
and performance of DSRA-PMLO in the context of gravel roads.

Adaptive sampling techniques dynamically adjust the sampling interval according to changes in the
acquired signal or data stream, thereby reducing redundant or unnecessary data while maintaining the
application’s required coverage and information precision (Algabroun, 2020; Ben-Aboud et al., 2021; Rault,
Abdelmadjid, & Challal, 2014). Consequently, adaptive sampling can be integrated into participatory
condition monitoring systems to minimise the volume of data transmitted and stored, improving data
collection efficiency. This is particularly important for large-scale participatory monitoring of gravel roads,
which generates substantial volumes of vehicle vibration response (VVR) data, leading to increased storage,
transmission, and energy requirements. Although adaptive sampling algorithms have been developed for
general IoT and environmental monitoring applications (Algabroun, 2020; Algabroun & Hakansson, 2025),
their applicability to vibration-based gravel road condition assessment has not yet been investigated.
Furthermore, the highly non-stationary nature of VVR signals requires verification that adaptive sampling
preserves the diagnostic information necessary for reliable fault detection and condition assessment.

Therefore, this study applies the previously developed Dynamic Sampling Rate Algorithm - Parametric
Machine Learning Optimisation (DSRA-PMLO) (Algabroun & Hékansson, 2025) to VVR signals as a proof
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of concept for vibration-based gravel road condition assessment. Rather than proposing a new adaptive
sampling algorithm, the study evaluates the suitability of DSRA-PMLO for this application by validating
whether dynamically sampled and reconstructed VVR signals preserve the information required for reliable
condition assessment. This is achieved through an application-oriented validation based on complementary
performance measures, including approximation error (MAAPE), mean-square acceleration, frequency
sub-band analysis, power spectral density estimates, and the detectability of gravel road defects. In addition,
the study establishes practical approximation-error thresholds that balance data reduction with condition
assessment accuracy.

The main contributions of this study are threefold. First, it extends the application of the previously
developed DSRA-PMLO algorithm to vehicle vibration response signals for gravel road condition assess-
ment. Second, it evaluates and validates the suitability of DSRA-PMLO as an adaptive sampling technique in
vibration-based condition monitoring using complementary measures of signal reconstruction accuracy,
spectral preservation, and fault detectability. Third, based on experimental validation using measured VVR
data collected from gravel roads with different surface conditions, it establishes practical approximation-
error thresholds that achieve substantial data reduction while maintaining reliable gravel road condition
assessment.

To achieve this, the research addresses three research questions:

(1) How can DSRA-PMLO improve gravel road condition assessment using vehicle vibration response
(VVR) signals?

(2) What is the effect of DSRA-PMLO on fault detection (e.g., potholes, corrugations, and loose gravel)
in gravel road condition assessment?

(3) What level of approximation accuracy is required for DSRA-PMLO to ensure sufficient coverage and
information precision for identifying gravel road faults?

The remainder of the paper is organised as follows: the next section (Section II) discusses the signal
processing and analysis of the VVR data, followed by Section III, where the adaptive sampling and the
fundamental operation of DSRA-PMLO are presented. The research methodology is presented in Section
IV, and the study results, i.e., the implementation and evaluation of DSRA-PMLO on randomly generated
signals and real-case VVR data, are presented in Section V. The algorithm’s performance on the vehicle
VVR data is evaluated and discussed in Section VI. Lastly, in Section VII, conclusions are drawn, along with
suggestions for future work.

2. Signal processing and analysis of vehicle vibration response data

Vehicle vibration response (VVR) data collected from vehicle-mounted sensors have been widely used to
assess paved road conditions (Wang, Zhou, & Yang, 2022) and have recently emerged as a promising
approach for evaluating gravel road conditions (Mbiyana & Kans, 2024). As a vehicle drives on a gravel road
with irregularities, potholes, and heterogeneous gravel road surfaces, distinct vibration responses are
triggered, differing in intensity from those on smooth surfaces. The vibrations perceived by road users
can serve as indicators of the road condition, specifically roughness. Loprencipe and Zoccali (Loprencipe &
Zoccali, 2017) demonstrated that the wavelength profile of a road directly influences the perceived comfort
level by the road user. Building on this, various signal processing and analysis techniques have been
developed to assess road conditions by linking surface irregularities to user discomfort. These include
machine learning approaches (Gorges, Oztiirk, & Liebich, 2019; Shtayat, Moridpour, Best, & Abuhassan,
2023), vehicle model-based and profile reconstruction (Rana & Asaduzzaman, 2021), and statistical
methods (W. Liu et al., 2020; Yu, Fang, & Wix, 2022).

Analysing variations in the statistical properties of vehicle vibrations using time series analysis can
provide insights into gravel road irregularities (Zuraulis et al., 2021). When driving on a gravel road, the
vehicle’s vibration response can typically be characterised as a random signal. For a second-order ergodic
random signal x(t), the mean square value, r,(0) = E[x?(t)] of x(t), where t represents time, can be estimated
based on the sampled version of the random signal x(n), n is discrete, according to the time average
(Vaidyanathan, 1993) as:
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1 N,—1
R(0) =1 > %(n) (1)
4 n=0

N, being the number of samples in the average time, t = nT;, and T is the sampling time interval. The
variance s2 for the signal x(n) may be estimated (Papoulis & Pillai, 2002) as:

s 1 Ne—l .
S=x D k() — ) 2)
4 n=0

# being an estimate of the mean value of the random process. However, for a non-stationary random
signal x(n) with time-varying mean square values, a moving average of the squared signal samples may
provide an estimate of the time-varying properties of the mean square values of the signal according to
(Bendat & Piersol, 2012; Shtayat, Moridpour, Best, & Daoud, 2023) as:

na_q

. 1" (N, N,

E[x*(n)] = Z xz(l),nl{7,7+1,...} (3)
@ J=p—Na

2
The average is produced over N, samples and with the average time T, = N, T;. The moving average low-
pass filtering of the squared signal x*(n) will attenuate the squared signal at higher frequencies, inversely
proportional to the averaging time, while passing the squared signal within the filter’s passband unatte-
nuated (Shtayat, Moridpour, Best, & Daoud, 2023). The averaging time T, is selected as a compromise
between a time interval bias error and random error, for instance, by a trial and error-based method
(Andrén et al.,, 2004). By dividing the signal into adjacent frequency bands with the aid of band-pass filters
defined based on the Discrete Fourier Transform (DFT), having the impulse response functions thJF T more
information concerning the non-stationary second-order statistical properties of the random squared signal
x*(n) (Vaidyanathan, 1993), in this case, the vertical vibration response can be obtained as:
j2nk(N—1-n)
thFTW(n)_{W(N—1—1’1)6_T77’l:0,1,...,N—1 (4)
0, otherwise

N
)
the band-pass filters and f = k % is the actual frequency at the normalised discrete frequency k. N is the

w(n) is the window function, e.g., a Hanning window, k = 0,1, ...,5 — 1 is the discrete centre frequency of

impulse response length and the § band-pass filter has the same bandwidth. Filtering the signal x(n) with
the band-pass filters K™ w(n),k = 0,1,...,5 — 1 produces § complex-valued signals yi(n). The instanta-
neous power in each frequency sub-band with discrete centre frequency, k =0,1,...,5

produced by scaling the squared magnitude of these complex-valued signals (Vaidyanathan, 1993), accord-
ing to (5):

— 1, at time n, is

1 2
——N-T n ,kZO
NZZO w2 (I) |yk( )|
() 0<k <5 -1

pr(n) = 5
NI ()

3. Adaptive sampling

The challenges of large-scale condition data collection, such as data overload and heightened energy
consumption, can be mitigated by reducing the amount of data collected using various methods, including
adaptive sampling algorithms (Alippi et al., 2010; Rodriguez-Pabon et al., 2022), by dynamically adjusting
data selection criteria to enhance energy efficiency. Many adaptive sampling techniques exist, such as the
utility-based sensing and communication protocol (Padhy et al., 2006), compressive data gathering (Luo
et al., 2009) and model-based filtering approximate techniques (Chu et al.,, 2006). A balance between
resource optimisation and adaptive solutions becomes imperative in tackling the complex landscape of
data overload, energy consumption and sustainability. Several researchers have considered and explored
adaptive sampling techniques for application in various fields, including wireless sensors (Algabroun, 2020),
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sensor networks (Lu et al., 2017) and energy-harvesting wireless devices (Gindullina, Badia, & Vilajosana,
2020).

Each adaptive sampling technique possesses distinctive strengths, weaknesses, and methodologies for
approximation accuracy and data reduction. High approximation accuracy usually demands higher sam-
pling rates (Lu et al., 2017). However, depending on the application, higher approximation accuracy is not
always required; therefore, allowing a predetermination of approximation accuracy can enhance efficiency
(Algabroun & Hakansson, 2025). DSRA-PMLO was selected in this study because it allows for predetermin-
ing the approximation accuracy of the monitored signal. In addition, it has low computational demands and
scales efficiently, even for long-term data collection tasks (Algabroun & Hékansson, 2025). For more
comprehensive surveys of adaptive sampling techniques, see (Alippi et al., 2010; Giouroukis et al., 2020).

3.1. Brief overview of the Dynamic Sampling Rate Algorithm - Parametric Machine Learning
Optimisation (DSRA-PMLO)

A suitable sensor with an analogue electrical output signal is generally used when measuring a physical
quantity, such as the vehicle vibration response. The sensor’s analogue output signal is connected to a data
acquisition system, and the sensor output signal is converted to a digital signal by an analogue-to-digital
converter, which generally uses a fixed sampling frequency (Bendat & Piersol, 2012). As the collected signals
are a series of discrete data points representing the continuous signal, an adaptive algorithm such as the
DSRA-PMLO minimises the samples by, in principle, dynamically allocating the data points at the optimum
locations. The information in the dynamically sampled signal should represent the original signal as
accurately as possible (Algabroun, 2020).

While the monitored signal can change dynamically, the sampling rate remains static. DSRA-PMLO
adjusts the sampling rate based on the events detected in the signal. Whenever there is a variation in the
monitored signal, the sampling rate adjusts accordingly. When the signal is static, the sampling rate is
reduced to an optimal rate. The algorithm is built with two turning parameters: E, the exploratory
parameter, which explores changes in the signal and S, the severity parameter, which determines the
severity of the changes based on the slope defined by the two consecutive data points. The Time Between
Measurements (TBM) can then be formulated as follows:

BM_E—(F*Q&LQEEED (©)

(t; —tii1)

However, to avoid negative values for TBM, (6) is transformed with the aid of ¢, a small positive value
(~0), so that TBM > 0 always.

HML:mM{aE—<%*O“J_y@1»D} (7)

(ti —tic1)
The next measurement time, ¢;,; can then be defined based on TBM as follows:
tiy1 = t; + TBM (8)

Combining (7) and (8) yields:

€)

twl_n%4WM{&E"QS*QQQ:ZQLQ%>}

(t —tic1)

For further information on derivations of Equations 6-9, see (Algabroun, 2020; Algabroun & Héakansson,
2025).

The objective is to adjust the tuning parameters E and S in the DSRA parametric model to achieve the
minimum number of samples that allows for the approximation of a signal with the required accuracy
without violating the constraint value of pattern similarity. Generally, the higher the demanded accuracy,
the higher the sampling cost. Moreover, different applications have different accuracy demands on the
approximated signals. Accuracy demand as an input variable provides the algorithm with specific domain
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customisation for further efficiency in data collection. DSRA-PMLO uses the recorded data to achieve
dynamic sampling that does not violate the predetermined approximation constraint.

The measurement points are selected optimally from the sensor measurements y(t,) ..., y(fy) represent-
ing a continuous-time signal s(¢),t € [0, T|, by choosing the minimum number of measurement times
t1 ..., tNmin» and obtain sensor values y(t;),...,¥(tNmin), such that the interpolated function
I(y(t),...,y(tNmin)) closely approximates the underlying signal s(¢). The closeness of the approximation,
e, is measured using a quality metric eyaapp, the mean arctangent percentage error (MAAPE). MAAPE
addresses several limitations of traditional error metrics, such as normalised mean error (NME), root mean
square error (RMSE), mean relative error (MRE), mean absolute error (MAE), and the widely used mean
absolute percentage error (MAPE) (Algabroun & Hakansson, 2025). These limitations include instability
with zero or near-zero actual values and asymmetric error penalisation (Algabroun & Hékansson, 2025).
MAAPE is particularly suitable for assessing approximation performance in dynamic sampling of vehicle
vibration response data, and one of its key advantages is its intuitive interpretation as an absolute percentage
error, as noted by Kim and Kim (S. Kim & Kim, 2016). For simplicity, throughout this paper, MAAPE will
be treated and referred to as a percentage error (Algabroun & Hakansson, 2025).

(e

The optimisation problem involves a parameterised model, DSRA, for determining the measurement
points, and the subsequent measurement time is determined based on given parameters E and S. The aim is
to minimise the error, eyaapr between the interpolated function and the underlying signal, considering
a maximum approximation error M. The number of measurements for the given E and § is denoted by
(E,S), while t,(E,S),. .., tygs) (E,S) are the measurement points for the given E,S. The error metrics

1
eMAAPE = NZarctan Dfor i=1,...,N (10)

i=1

emaape are used to quantify the approximation quality for each as:
€MAAPE = e(s(t), I(y(t—l(Ea S)v s ay(t{Nmin(E,S)}(E, S)) (11)

The aim is to minimise the number of measurements N(E, S) and the approximation quality, measured
by the error, eyaape, does not exceed a specified threshold M. Thus, the objective function (E, S) of the
optimisation problem is the minimum number of measurements N,,;,(E,S) that do not violate the
predetermined error threshold M.

Formally, the objective function is expressed as:

Objective: minimize N(E, S)s.t. :

eMAAPE = e(s(t)vl(y(tl (E,S), - - -, tamin(e.s) (E; S)))) <M (12)

If the required accuracy is not achieved by using the current parameters set, the objective function is set
to positive infinity and can be mathematically expressed as follows:

. _ N(E7 S) lf e(s(t)vl(}’(tl(E7 S)v--'vtNmin(E,S)(Ev S)))) S M
Nuin(E,S) = { +00 if e(s(t),l(y(tl (E,S); -, tNmin(E.s) (E, S)))) >M (13)

From the objective functions in (12) and (13), the function can be assumed to be complex, non-
differentiable, discontinuous, and far from convex. For this reason, DSRA-PMLO employs a stochastic
algorithm, that is, the Dual Simulated Annealing (DSA), and for further details of the optimisation
technique of DSA and its relevance to the DSRA-PMLO, see (Algabroun & Hékansson, 2025).

DSRA-PMLO is integrated with quadratic interpolation to reconstruct the signal from non-uniform
sampling. Quadratic interpolation is an effective method for reconstructing signals in scenarios requiring
a balance between computational efficiency and signal accuracy. Research has shown that polynomial
interpolation techniques, including quadratic forms, can facilitate the reconstruction of vibration signals
and maintain accurate spectral representation, even with non-uniform sampling (Ntakpe et al., 2017).
Additionally, studies on vibration control using point interpolation techniques demonstrate that quadratic
terms can capture essential signal dynamics without significant distortion (G. R. Liu, Dai, & Lim, 2004). In
this study, the accuracy of the reconstructed signals is evaluated using MAAPE. Furthermore, Power
Spectral Density (PSD) estimates and Mean Square Acceleration (MSA) were combined with frequency sub-
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band filtering of the VVR to examine the accuracy of the reconstructed signals and ensure that the key
features of the original signal are preserved, along with the detectability of faults.

3.2. The power spectral density estimate and aliasing

To ensure reliable condition assessment, spectral analyses such as the PSD estimates can be employed to
compare the original and resampled signals (Davis & Lanterman, 2015). PSD estimate comparisons help
verify whether the resampled signals have retained the properties of the original signal (Welch, 1967). The
presence of unexpected peaks or the absence of specific peaks in the resampled signal may indicate aliasing
effects. A sufficiently high dynamic resampling rate of the DSRA-PMLO, adaptable to varying signal
characteristics, would prevent undersampling in critical sections of the vibration response.

According to (Welch, 1967), the Welch power spectral density estimator PLP(f,) is given by as;

-1 |[N— 2

—

o 1 ) k
ppsb - - —j2nnk/N| . - F 14
e (i) INUn ZEZO 2 w(n)x(n)e i Jx N s (14)
Where, k=0, ... ,% — 1, x;(n) are the segments of a time sequence, w(n) is the window used, L is the

number of periodograms, N is the length of the periodogram or block length, F; is the sampling frequency
and Upgp is the window-dependent effective analysis bandwidth normalisation factor, defined as;

Urso = -3 (w(0))’ 15)
PSD Nn:O

Analysing the resampled and reconstructed VVR signals for assessing the gravel road condition requires
careful attention to aliasing. The dynamic sampling rate must be sufficient to prevent signal distortion and
ensure accurate interpretation. Aliasing occurs when a signal is undersampled, causing higher-frequency
components to be misinterpreted as lower frequencies (Davis & Lanterman, 2015). Therefore, the sampling
rate must be at least twice the highest frequency present in a signal (Nyquist rate) to prevent aliasing
distortion (Algabroun & Hakansson, 2025). Vehicle vibration signals offer insights into surface irregula-
rities, such as loose gravel, corrugations, and potholes. Aliasing distortion in the resampled and recon-
structed signals can misrepresent these faults, leading to an underestimation of the fault severity and
misclassification of the road condition.

4. Methodology

This section begins with a brief description of the field experiment setup and data acquisition. It then
outlines the step-by-step process of testing DSRA-PMLO on the simulated data, which was validated using
the MAAPE. Lastly, the analysis procedure of the VVR signals before and after applying DSRA-PMLO is
presented. Figure 1 provides a summary of the methodology.

4.1. Field experiment setup and data acquisition

Field experiments were conducted in the 2022 spring season in Vixjo municipality, southern Sweden, on
three gravel roads classified as Class 1 (very good condition), Class 2 (good condition), and Class 3 (poor
condition) for Road 1, Road 2, and Road 3, respectively. The classification was based on the Swedish
standard for gravel road classification, TDOK 2014:0135 (Swedish Transport Agency, 2014). The average
distances covered on the test roads were 5.25 km, 3.60 km and 2.40 km for Roads 1, 2 and 3, respectively.

Road 1 had a few small potholes and some portions with loose gravel. Road 2 was compact but had
a portion with corrugations and small potholes, while Road 3 had numerous potholes of varying sizes and
loose gravel scattered throughout its entire length. A Briiel & Kjeer Integrated Electronics Piezo-Electric
(IEPE) Accelerometer Type 4507B, connected to the Supervisory Control and Data Acquisition (SCADA)
data acquisition system, was used to collect the VVR data. The experimental setup in Figure 2 shows the
IEPE Accelerometer (Figure 2(B)) connected to the SCADA system (Figure 2(A)), which is mounted on
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Figure 1. A summary of the methodology.

Figure 2. Field experimental setup.

a 2016 Toyota Prius hybrid model (Figure 2(C)). The mounting position of the IEPE Accelerometer enabled
easy monitoring and the detection of the relative vibration response of the vehicle on both wheel paths, as
well as reducing the impact of the engines’ vibrations. IEPE accelerometers have wide applications in
various industries for vibration measurement and are easy to install (Levinzon, 2015).

The VVR was acquired at a sampling frequency of 2048 Hz as the vehicle drove on the Test Roads at an
average speed of 35 km/hr, and the collected VVR was stored in the Siemens Simcenter SCADA system for
further processing.

4.2. Testing DSRA-PMLO on the simulated data

A comprehensive set of tests was conducted to evaluate the DSRA-PMLO’s adaptability to varying signal
complexity levels and validate its generalizability before it was applied to the VVR data. Distinct signals
containing different frequency components with randomly generated frequencies and phases were gener-
ated. Consequently, each generated signal can be viewed as a realisation of a random process (Bendat &
Piersol, 2012). Generally, the VVR signals collected when driving on gravel roads can be characterised as
random. Based on experience from our previous works (Mbiyana & Kans, 2024; Mbiyana et al., 2024), gravel
road irregularities such as potholes, corrugations and loose gravel can be detected within the bandwidth
range of 0 to 1000 Hz.

This study utilises three representative test cases of signals randomly generated in Matlab, each contain-
ing 120, 300, and 600 frequency components distributed between 0 and 1200 Hz. The predetermined error
thresholds, ranging from 0.5% to 5%, were used, representing the tolerances for approximation accuracy
and directly affecting the algorithm’s efficiency by determining how the sampling rate is adjusted. MAAPE
was used to evaluate the algorithm’s performance and assess the accuracy of the approximated signals. In
addition, the reduction in samples was measured to quantify the efficiency of data collection.

The testing of DSRA-PMLO on the simulated data adopted the methodological framework from
(Algabroun & Hakansson, 2025). The optimal values of E and S are obtained from the training data set
and then applied to the testing dataset to obtain a compressed signal of the original signal. Figure 3 shows an
example of the visualisation plot of the relationship between the number of measurements N(E, S) and the
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Figure 3. The relationship between the number of measurements N(E, S) that is reduced and the exploratory and sensitivity
parameters E and S, where the white space is when MAAPE values are greater than the predetermined error threshold M.

exploratory and sensitivity parameters E and S. Further details of determining the optimal values of E and
S by employing a stochastic optimisation algorithm, the dual simulated annealing (DSA) and performing
the training on a training dataset can be found in (Algabroun & Hékansson, 2025). The resulting optimal
values of E and S are then implemented on a testing dataset to obtain a compressed signal of the original
signal. The adaptively sampled (compressed) signal can then be reconstructed using interpolation with
DSRA-PMLO and validated using the error metric MAAPE.

4.3. Applying DSRA-PMLO on the measured VVR signals

In the present study, DSRA-PMLO is implemented as an offline proof-of-concept to evaluate its suitability
for vibration-based gravel road condition assessment. The optimisation of the algorithm parameters and the
adaptive sampling are performed using fully recorded VVR signals, allowing the reconstructed signals to be
compared directly with the original measurements. The objective is to determine whether adaptive sampling
can reduce redundant data while preserving the diagnostic information required for condition assessment.
Consequently, the present work does not address real-time adaptive acquisition, which requires causal
sampling decisions based solely on previously acquired measurements.

DSRA-PMLO was applied to the VVR data from the test roads. The steps used for testing DSRA-PMLO
on the simulated data were repeated with predetermined error thresholds (M) of 5%, 10%, 20%, 30%, 40%
and 50% on the VVR data. The reductions in the sampled VVR data from each gravel road and for each
M were recorded. The reduced VVR data were then reconstructed, and the reconstruction accuracy for each
M was compared with the original signal using MAAPE. A moving average low-pass filtering technique was
subsequently applied to the original and reconstructed squared VVR signals. Based on experience from
previous work (Mbiyana & Kans, 2024; Mbiyana et al., 2024), averaging times ranging from 0 to 0.04
seconds were used to estimate the mean square value of the VVR as a function of time.

The original vehicle vibration records from each gravel road and the reconstructed signals for each
M were then divided into eight adjacent frequency bands with the aid of band-pass filters. The squared
magnitudes of the complex values of the VVR signals obtained were then scaled to provide the instanta-
neous power in each frequency sub-band. The findings from the original vehicle vibration signal obtained
while driving on each gravel road and the reconstructed signals for each predetermined condition were
compared.

5. Results

This section presents the results of testing DSRA-PMLO on simulated data (randomly generated signals),
validating it using MAAPE and then applying DSRA-PMLO to the VVR signals obtained while driving on
each gravel road. The resulting reduction in the sampling for each case is presented and discussed. The
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estimates of mean square values of the respective VVR signals are then presented, followed by the results of
dividing the VVR signals into eight frequency sub-bands. Lastly, estimates of the mean values of the squared
acceleration of the sub-band filtered VVR signals, as a function of the sub-band centre frequency, are
presented for each scenario. The results from analysing the VVR signals before and after applying the
DSRA-PMLO are compared to determine whether the same conclusions can be reached.

5.1. Dynamic sampling of the simulated random signals

Table 1 presents representative examples of the DSRA-PMLO algorithm’s performance for the simulated
data from the conducted comprehensive tests, with predetermined error thresholds ranging from 0.5% to
5%, reflecting different tolerance levels for approximation accuracy. The examples include three different
test signals, each containing 120, 300 and 600 frequency components, with the frequencies randomly
selected between 0 and 1200 Hz.

The representative examples of the error thresholds of 1% and 5% in Table 1 show the actual measured
error (epaapr) as we, as well as the difference between the measured error and the predetermined error
threshold, and the percentage reduction in the samples. The results show that the difference between M and
emaare (AeM = eyaape — M) is less than 0.5% for the test signals.

The reduction in the data samples shows a slight increase with an increase in the frequency components
for M = 1%. For M = 5%, the reduction in the data samples is constant at 80% for all frequency components.
These results indicate that the number of frequency components in the random signal has a negligible effect
on the reduction in the data samples for a predetermined error threshold. The algorithm did not exceed the
error threshold in some scenarios (AeM < 0), and it was slightly exceeded in others (AeM > 0). Nevertheless,
the difference, AeM, remained consistent in all cases, staying below 0.5%, reflecting that the measured error
closely matched the predetermined threshold.

5.2. Dynamic sampling and reconstruction of the VVR signal

DSRA-PMLO was applied to the VVR signals from the test roads with predetermined error thresholds (M)
of 5%, 10%, 20%, 30%, 40% and 50%, respectively. Figure 4 shows the VVR collected from Road 1 and the
reconstructed signal for an M = 10% for the first 100 samples.

After applying DSRA-PMLO, the VVR signal was approximated with 72% of the samples, resulting in
a 28% reduction. The sampling rate varies based on changes in the VVR signal; i.e., the algorithm adapts
according to signal variation. When there is a higher rate of change in the signal, a higher sampling rate is
adopted. Conversely, a lower sampling rate is adopted when the rate of change is lower. Figure 5 shows the
correlation between M and sample reduction for the VVR signals after applying DSRA-PMLO.

5.3. Estimates of the mean square acceleration of the VVR

The estimate of the mean square acceleration of the VVR signal and for the respective resampled and
reconstructed signal are shown in Figure 6(a—c), respectively. From Figure 6, the estimates of the mean
square acceleration show minimal deviation when compared to the estimated mean squared acceleration of

Table 1. Analysis of predetermined error threshold vs. measured error for the generated random signals with different
frequency components and the respective reduction in the samples.

Number of frequency Measured error Reduction in samples
Predetermined error threshold, M components (emanre) AeM = epypppe — M (%)
M=1% 120 0.94 —-0.06 62
300 1.02 0.02 63
600 1.04 0.04 64
M=5% 120 4.78 -0.22 80
300 5.07 0.07 80

600 5.15 0.15 80
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Figure 4. The vehicle vibration response (VVR) collected from road 1 and the reconstructed signal for a predetermined error
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Figure 5. The correlation between the predetermined error threshold (M) and the reduction in samples for the test roads.

the original measured VVR signal, even with M up to 20%. With M equal to 20%, the samples are reduced
by more than 50% for all three test roads (see Figure 5). Therefore, with only about 50% of the samples, the
mean squared acceleration of the VVR signal can be estimated.

Moreover, increasing M above 20% results in a noticeable difference in the estimated mean-squared
acceleration compared to the original measured vibration response signal. For instance, the mean squared
acceleration is about 0.36 (sz)2 for the VVR from Road 1 when the M = 0%, and it reduces to about 0.276 (sz)2
for M = 50%; see Figure 6(a). A similar trend is observed for the VVR from Roads 2 and 3; see Figure 6(b,c).

Furthermore, by increasing M, the corresponding reduction in the samples for the VVR from Road 1,
from 30% to 40%, is approximately 6%, and from 40% to 50% is approximately 14%; see Figure 5. The same
observation is made for the VVR from Road 2 when M is greater than 20% and for the VVR from Road 3
when M is greater than 30%. Therefore, M greater than 30% for the VVR from Roads 1 and 3 and M greater
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Figure 6. Estimates of the mean square acceleration of the VVR signal measured on (a) roads 1, (b) road 2 and (c) road 3,
together with their dynamically sampled and reconstructed signal with predetermined error threshold M of 5%, 10%, 20%,
30%, 40% and 50%.

than 20% for the VVR from Road 2 is unjustified based on these differences in the estimated mean squared
acceleration compared to the original measured vibration response signal.

5.4. Estimates of the mean square acceleration of the sub-band filtered vehicle vibration response

Based on experience from previous studies in (Mbiyana & Kans, 2024) and (Mbiyana et al., 2024), eight
frequency sub-bands are sufficient for further analysis of the vehicle vibration responses, including the
dynamically sampled and reconstructed signals. The averaging times used in this study are adopted from
(Mbiyana & Kans, 2024) and (Mbiyana et al., 2024), as given in Table 2.

Estimates of the mean square value of the sub-band VVR signals were produced for the resampled and
reconstructed signals at predetermined error thresholds (M) of 5%, 10%, 20%, 30%, 40%, and 50%, and then
compared. Dividing the VVR signals into eight (8) adjacent sub-bands provides more information to detect
faults by analysing the behaviour of the signals in the respective adjacent frequency bands.

5.5. The sub-band filtered VVR signals for estimating the mean square acceleration

The VVR signals were divided into eight (8) adjacent sub-bands. The signal behaviours were compared for
the different scenarios, i.e., the measured VVR signals, with those of their respective dynamically sampled
and reconstructed signals. The sub-band VVR signals measured on Road 1, along with the respective
dynamically sampled and reconstructed signals with M values of 5%, 10%, 20%, 30%, 40%, and 50%, are
shown in Figure 7.
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Table 2. Averaging time for the moving average on the vibration response divided into eight adjacent frequency bands.
Averaging time for the eight sub-bands (s)

Frequency sub-band Normalised centre frequencies f; (Hz) Road 1 Road 2 Road 3
1 0 0.02 0.03 0.03

2 128 0.01 0.02 0.03

3 256 0.005 0.01 0.0025
4 384 0.001 0.001 0.0005
5 512 0.0005 0.001 0.0005
6 640 0.0025 0.0005 0.0025
7 768 0.01 0.0005 0.0075
8 896 0.005 0.0005 0.005

The squared magnitude of the sub-band filtered VVR signals measured on gravel Road 1 and the
resampled and reconstructed signals with M of 5%, 10%, 20% and 30% in Figure 7 show similarities in
the signal pattern in their respective frequency bands. As M exceeds 30%, the sub-band VVR signals exhibit
variations compared to the measured signal, particularly in the higher-frequency sub-bands.

For instance, in the 896 Hz frequency subband for M of 40% and 50%, respectively (see Figure 7((f,g)),
there is a noticeable variation in the signal compared to the measured signal in Figure 7(a). The response at
approximately 280s is 4.5 (sz)z in the 896 Hz frequency subband in Figure 7(a) and reduces to approximately

2.98 (Sﬁz)2 for M = 40% Figure 7(f) and is almost zero for M = 50% Figure 7(g). Similar results were obtained
for VVR signals from Roads 2 and 3. As the error threshold M exceeds 20%, the reconstructed sub-band
vehicle vibration signals deviate significantly from the measured signals, especially in the higher-frequency
sub-bands. According to (Mbiyana & Kans, 2024; Mbiyana et al., 2024), the VVR in the higher frequency
bands is associated with the gravel road’s general homogeneity. The higher frequency bands were primarily
associated with the loose gravel on the road surface.

5.6. Estimates of the mean square acceleration of the sub-band filtered VVR measured on roads 1, 2
and 3

Figure 8(a) shows that as M increases and exceeds 30%, the estimated mean values of the squared
acceleration for the higher frequency bands of the vehicle’s vibration response begin to deviate more
from Road 1, as also observed in Figure 7, particularly in the higher frequency bands. The findings suggest
that gravel road faults linked to the lower frequency sub-band can be evaluated using a higher M than faults
linked to the higher frequency sub-band. According to (Mbiyana & Kans, 2024; Mbiyana et al., 2024), the
vehicle’s vibration response in the lower frequency bands is associated with irregularities in the gravel road,
such as potholes and corrugations, which trigger the vehicle’s vibrations. Therefore, the estimated mean
values of the squared acceleration of the sub-band VVR from gravel Road 1 can be approximated with M of
up to 30% for all the adjacent frequency sub-bands.

From Figure 8(b), as M is increased, the estimated mean values of the squared acceleration of the sub-
band VVR in the higher frequency bands for M greater than 20% deviate from the estimated mean values of
the VVR from Road 2, as observed also for the VVR from Road 1. These results indicate that the VVR signal
measured on gravel Road 2 can be approximated with M of up to 20% for all the adjacent frequency sub-
bands. Generally, Road 2 had less loose gravel on the road surface, which is detected in the higher frequency
bands. The mean squared acceleration for M =30%, 40% and 50% deviates from the mean squared
acceleration of the measured VVR in the higher frequency bands.

In Figure 8(c), the estimated mean values of the squared acceleration of the sub-band VVR indicate that
the VVR signal measured on gravel Road 3 can be approximated with M of up to 20% for all the adjacent
frequency sub-bands. As M increases, as shown in Figure 8(c), the estimated mean values of the squared
acceleration of the sub-band VVR in the higher frequency bands for M greater than 20% deviate from the
estimated mean values of the VVR from Road 3. Road 3 generally had more loose gravel on the road surface
than Roads 1 and 2, which excited the vehicle’s vibration response in the higher frequency bands. In
Figure 8(c), the mean squared acceleration for M =30%, 40%, and 50% deviates from the mean squared
acceleration of the measured VVR in the higher frequency bands.
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Figure 7. The vehicle vibration response (VVR) signals divided into eight (8) sub-bands, and the averaging times given in
Table 2 as a function of time and used to estimate the mean square value (a) measured with the IEPE accelerometer on

gravel road 1, while (b), (c), (d), (e), (f), and (g) are the resampled and reconstructed signals with predetermined error
threshold M of 5%, 10%, 20%, 30%, 40% and 50%.
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Figure 8. Estimates of mean values of the squared acceleration of the sub-band filtered vehicle vibration response (VVR)
from gravel (a) road 1, (b) road 2 and (c) road 3 for each sub-band centre frequency in decibel scale.

6. Performance evaluation of the dynamic sampling rate algorithm - Parametric machine
learning optimisation

Unlike previous studies that evaluated DSRA-PMLO primarily for environmental and IoT sensing applica-
tions (Algabroun & Hakansson, 2025), this study demonstrates its applicability to vibration-based gravel
road condition assessment. Vehicle vibration response (VVR) signals exhibit unique characteristics, includ-
ing frequency band content, transient impacts caused by potholes and corrugations, and the need to
preserve spectral information for reliable condition assessment. The results show that DSRA-PMLO
preserves these characteristics while substantially reducing redundant data. It should be noted that the
present implementation represents an offline proof-of-concept rather than a real-time adaptive acquisition
strategy. The complete VVR signals were available during optimisation and validation to enable direct
comparison between the original and dynamically sampled signals. This approach provides a controlled
environment for evaluating whether DSRA-PMLO preserves the information required for gravel road
condition assessment before considering real-time deployment.

For Road 1, a predetermined error threshold of 30% reduced the number of samples by 77% while
still enabling the detection and identification of gravel road faults. Similarly, for Roads 2 and 3,
predetermined error thresholds of 20% reduced the samples by approximately 53% and 57%, respec-
tively, without compromising fault detection. However, considering all three test roads and the
preservation of vibration characteristics, a predetermined error threshold of 20% provides the best
balance between data reduction and condition assessment accuracy. At this threshold, more than 50%
of the VVR data can be eliminated while preserving the information required to detect and identify
gravel road faults, thereby extending the applicability of DSRA-PMLO to intelligent gravel road
condition assessment and monitoring systems.
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Table 3. Comparison of the predetermined error threshold M and the measured error (eyaape), including the reduction in
sample data for the test gravel roads.

Gravel Road Predetermined error threshold M (%) Measured error (eyaare) AeM = eypnpe — M Reduction in samples (%)
Road 1 5 5.31 0.31 17
10 10.01 0.01 32
20 20.00 0.00 60
30 30.00 0.00 78
40 40.00 0.00 87
50 50.00 0.00 90
Road 2 5 4.54 —-0.45 12
10 10.00 0.00 24
20 20.00 0.00 53
30 30.00 0.00 79
40 40.00 0.00 87
50 50.00 0.00 92
Road 3 5 473 -0.27 14
10 10.00 0.00 28
20 20.00 0.00 57
30 30.00 0.00 78
40 40.00 0.00 85
50 50.00 0.00 89

Table 3 compares the predetermined error threshold M and the measured error (epaapg) from the VVR
signals collected while driving on gravel roads 1, 2 and 3. The difference between Mandepaapg, i.e., AeM,
was less than 0.5% for all cases. The algorithm slightly exceeded the error threshold in some scenarios,
specifically for gravel Road 1, and the predetermined error thresholds of 5% and 10%. It remained within
the error threshold for all the other remaining scenarios. Nevertheless, the difference, AeM, remained
consistent in all cases, staying below 0.5%, reflecting that the measured error closely matched the pre-
determined threshold.

6.1. Checking for aliasing distortions using the power spectral density estimate

The PSD estimate of the resampled and reconstructed VVR signals for the VVR from gravel Road 3 is
presented in Figure 9. This analysis was conducted to check for signal distortion after dynamic sampling
with DSRA-PMLO. Road 3 was selected for this analysis because it was significantly worse than Roads 1 and
2, with numerous potholes and loose gravel scattered throughout the entire road section. Signal distortions
would be more detectable on a gravel road that is in poor condition when the VVR signal is dynamically
sampled with DSRA-PMLO at a higher predetermined error threshold.

Figure 9 shows the PSD estimate comparisons. As the predetermined error threshold increases, the
resampled signals noticeably deviate from the original signal, indicating distortion. For the 20% error
threshold, see Figure 9(c); the resampled and reconstructed VVR signal begins to deviate from the original
signal around 180 Hz. These deviations become even more pronounced for error thresholds of 30%, 40%,
and 50%. Additionally, the power of the resampled and reconstructed signals (represented by the area under
the PSD estimate) is lower compared to the original signal:

e For error thresholds of 30% and 40%, the power is lower than the original signal from approximately
150 Hz to the highest frequency.
e For the 50% error threshold, the power is lower from around 100 Hz to the highest frequency.

These distortions in vehicle vibration signals can lead to inaccurate interpretations, underestimating fault
severity, and misclassifying the condition of gravel roads. Surface irregularities, such as loose gravel,
corrugations, and potholes, may be misrepresented. For instance, the severity and extent of loose gravel,
which is associated with higher frequencies, would be misinterpreted for error thresholds of 30%, 40%,
and 50%. The resampled signals do not retain the significant frequency components for higher error
thresholds. To avoid such distortions and inaccurate interpretations, the dynamic sampling rate of the
DSRA-PMLO must be sufficiently high, which is achieved by setting a lower predetermined error
threshold. Aliasing in the resampled and reconstructed VVR signals is a possibility. Higher frequency
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Figure 9. Power spectral density estimates of the vehicle vibration signal collected from gravel road 3 to compare the
original and resampled signals after dynamic sampling with DSRA-PMLO and predetermined error threshold (a) 5%, (b)

10%, (c) 20%, (d) 30%, (e) 40% and (f) 50%.

components could have been misinterpreted as lower frequencies after resampling, as seen by the
presence of higher peaks in the lower frequencies at error thresholds of 30%, 40%, and 50%, see
Figure 9(c-f) for frequencies lower than 50 Hz. This study does not go into detail to investigate the
extent of aliasing. Similar results were observed for gravel Roads 1 and 2, although not as pronounced as

for gravel Road 3 (see Figure 10).
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Figure 10. Power spectral density estimates of the vehicle vibration signal to compare the original and resampled signals
after dynamic sampling with DSRA-PMLO and predetermined error thresholds of 5%, 10%, 20%, 30%, 40% and 50%
collected from (a) gravel road 1, (b) gravel road 2 and (c) gravel road 3.

7. Conclusion and future works

Rather than introducing a new adaptive sampling algorithm, the study validates an application-
oriented framework for evaluating adaptive sampling of vehicle vibration response signals. This
study demonstrates that the developed DSRA-PMLO and proposed by Algabroun and Hakansson
(Algabroun & Hékansson, 2025) can be successfully adapted for vibration-based gravel road condition
assessment and significantly enhances the efficiency of condition data collection and processing for
gravel road assessment by dynamically adjusting the sampling interval in response to variations in the
VVR signal trends. By employing this adaptive sampling technique, redundant data are minimised
while maintaining high accuracy in condition assessments. Experimental results show that DSRA-
PMLO preserves the diagnostic information required for gravel road condition assessment while
reducing data volume by more than 50% when an approximation-error threshold of 20% is adopted
and the results remained consistent with those obtained using the entire dataset. Gravel road faults,
such as potholes, corrugations, and loose gravel, were not only identified but also differentiated,
allowing for insights into their time-varying properties from the resampled signals. The faults were
detected by dividing the vibration signals into eight adjacent frequency bands and estimating the
mean-square value of each sub-band signal.

The study demonstrates that an error threshold of up to 20% provides an optimal trade-off
between data reduction and accuracy in gravel road condition assessment using the DSRA-PMLO.
At this level, the mean-square value estimates closely match those from the original signals. However,
thresholds beyond 20% result in pronounced distortions and aliasing, as revealed by comparing the
Power Spectral Density estimates, compromising fault detection reliability. Therefore, applying adap-
tive sampling techniques, such as DSRA-PMLO, to reduce redundant data is promising for efficient
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collection and storage of condition data. The stored condition data can subsequently be used to assess
and classify the condition of the gravel roads. By removing unnecessary data, DSRA-PMLO directly
contributes to broader infrastructure sustainability goals in gravel road maintenance through efficient
data transmission, reducing storage demands and energy consumption while lowering the carbon
footprint and environmental impact. Gravel road condition data sampling using the DSRA-PMLO
shows potential for real-time condition monitoring deployment, including the integration of com-
mercial vehicle fleets in a participatory, data-driven approach to road condition assessment using
smartphones or embedded sensors.

Future work will build on this established reference and extend this offline proof-of-concept
towards a real-time implementation of DSRA-PMLO for participatory gravel road monitoring. This
will require the development of a causal adaptive sampling strategy capable of making sampling
decisions using only previously acquired measurements while ensuring that transient events, such
as pothole impacts and corrugations, are reliably captured. The performance of the real-time
implementation will be validated using smartphone accelerometers, radar sensors, and participatory
data collected from commercial vehicle fleets. Future work will also include a comparative evalua-
tion of the performance of DSRA-PMLO against conventional fixed-rate sampling, uniform down-
sampling, and representative signal compression techniques and compare their relative effectiveness
for vibration-based gravel road condition assessment. Additionally, future works will investigate the
application of a participatory data-driven approach, particularly its potential deployment with
commercial vehicle fleets, incorporating dynamic sampling and signal reconstruction to enhance
gravel road condition assessment. A comprehensive analysis of the effects of aliasing and signal
distortion resulting from interpolation, especially at high frequencies due to dynamic sampling with
predetermined error thresholds, will also be conducted. Furthermore, the algorithm requires
validation across diverse environmental and geographical contexts, leveraging participatory or
crowdsourced data collection platforms.
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