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ARTICLE INFO ABSTRACT
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Drive-by road pavement monitoring, using smartphone sensing, has faced longstanding challenges in adoption
due to low accuracy and limited applicability. This stems from significant uncertainties during data collection in
real-world scenarios, making it prohibitively difficult in applying conventional machine learning models to the
detection of road pavement anomalies. This paper presents a two-stage machine learning approach that extracts
potential anomalies from the dataset and classifies them into four typical road feature categories. Unlike time-
series data analysis, this approach transforms time-series into geospatial series, allowing the analysis to be
time-independent thereby capable of detecting road anomalies regardless of driving speeds. Additionally, a
framework for a road pavement health monitoring system is proposed to collect data, integrate the machine
learning engine, and visualise road anomalies. The developed system was tested on two shuttle buses with

normal smartphones, which achieved 87% overall accuracy compared against manual inspection.

1. Introduction

Road pavements inevitably deteriorate over time due to environ-
mental corrosion and constant loading. Severely deteriorated road
pavements could reduce the comfort of road users, increase the carbon
emissions of vehicles [1], and pose safety risks to society [2]. In many
countries around the world, the conditions of road pavements are one of
the foremost concerns among other infrastructures [3]. However, due to
the combined effects of natural deterioration and constant traffic load-
ings, a growing number of road segments are inevitably degrading,
increasing costs on road health monitoring and repairing every year
[3,4]. According to the US National Transportation Research groups,
driving on pavement needing repair costs each road user US $599
million in 2020 [5]. In Ireland, the asset owner has reported spending
over €1 billion in 2021 alone to bring these deteriorated roads up to
standard [6].

One of the reasons causing huge costs is that the current road
monitoring practices highly rely on conventional specialized equipment
methods. For example, 3D reconstructions, as one of the widely adopted
road monitoring approaches, rely on the inertial laser profilometers
installed on the vehicle and operated by specialists to build road profile

models with high resolution to detect road anomalies [7,8]. Even though
it provides high precision measurements, its equipment is expensive to
own and operate, especially in national road networks, making it
impossible to conduct frequent monitoring [4]. Another example is the
vision-based approach, which is a compromise of 3D reconstruction by
using a camera mounted on vehicles facing towards the road surface to
collect geotagged images and image processing techniques, such as
texture extraction [9], Canny edge detection [10], to depict road defect
features. Compared to 3D reconstruction, it provides a cost-effective
solution by having half-automated approaches. However, it is highly
restricted to environmental conditions and testing environments, such
as rain, shadow, vehicle speed, etc. [11]. Nevertheless, the nature of
both 3D reconstruction and vision-based approaches demands extensive
labour and often necessitates manual inspections and measurements,
incurring high substantial environmental and economic costs. The
vibration-based approaches, on the other hand, offer a promising
alternative by detecting road anomalies using motion sensors and Global
Positioning Systems (GPS) which are much more accessible than inertial
laser profilometers and cameras, e.g. ones integrated into smartphones.
Synergized with well-trained machine learning algorithms, the
vibration-based approaches eliminate human intervention and
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restrictive conditions, significantly reducing the costs and safety risks
associated with regular road health monitoring.

Over the past decade, using motion data collected by smartphone
sensors to detect road pavement anomalies has been extensively studied.
These approaches normally comprise three steps: data pre-processing,
anomaly detection, and data post-processing. The data pre-processing
plays an essential role in filtering the noise and transforming data to
keep data structure compatible with anomaly detection and increase the
prediction accuracy. Different filters can be applied in the frequency
domain to eliminate these noises. However, research on the features of
those noises and approaches to eliminate them shows significant
disagreement. For example, for engine noises, Cabral et al. and Rajiv
et al. applied a lowpass 3rd-order Butterworth filter with 5 Hz and 4 Hz
cut-off frequency, respectively [12,13] while Du et al. considered that
engine vibration creates frequencies >30 Hz [14]. However, according
to Douangphachanh and Oneyama, accelerations generated by road
anomalies most likely have a frequency range between 40 and 50 Hz
[15], i.e., any lowpass below 40 Hz will remove the accelerations for
road anomalies. For noises such as vehicle turning, lane changing, and
acceleration or deceleration, Basavaraju et al. applied an 11th order
Butterworth filter with a 3 Hz highpass filter [16] while Zang et al.
applied a 0.5 Hz filter [17]. Additionally, the reason why certain filters
are applied in the above research has hardly been explained. The lack of
research on underlying understanding of noises, however, can lead to
elimination of interesting data, thereby significantly reducing the ac-
curacy of anomaly detection stage or even failing to detect the anomalies
at all.

Prior to road anomaly detection, the gathered sensor data, as typical
time-series, requires to be divided into different time windows with the
same time interval as one data point [1,2,18,19]. An anomaly detection
approach is then applied to identify the anomalies within each window.

One of the most popular approaches is the threshold-based approach
or statistical approach, as the method uses statistical features extracted
from z-axis acceleration data [11]. The key to the approach is to
determine the proper types and values of threshold to identify desired
features, such as amplitudes of the acceleration signal [1,20-22] or
standard deviations of windows [23-26]. However, the threshold-based
approach is highly sensitive to testing conditions such as vehicles’ sus-
pension systems, smartphone placement, various sensors, and mechan-
ical properties [11]. Additionally, due to analyzing using one single
value as thresholds, the bidimensional features of acceleration data can
be easily ignored. Thus, the method is only capable of detecting simple
road anomalies which cause acute vibrations, such as potholes and
speedbumps.

In the rapidly advancing era of artificial intelligence, machine
learning (ML) approaches have gathered significant attention and
extensive research on road anomaly detection. Du et al. [27] and Alam
et al. [28] proposed a K-nearest Neighbor (KNN) to detect road bumps
and potholes using vibration data. Perttunen et al. [29] and Bhoraskar
etal. [19] have both explored the application of Support Vector Machine
(SVM), a supervised learning approach, to effectively classify smooth
roads and bumpy roads. On the other hand, Pawar et al. have proposed a
Neural Network model consisting of two hidden layers and one output
layer for a similar road classification task, where the proposed model
can reach 94.78% accuracy [30]. Attention has also been paid to clas-
sifying different types of anomalies. Dey et al. and Basavaraju et al.
proposed a SVM approach to classify potholes, speed bumps, rumble
strips, smooth and rough roads with 92% overall accuracy [16,31].
While Silva et al. evaluated several supervised ML approaches, including
Gradient Boosting (GB), Decision Tree (DT), Multilayer Perceptron
Classifier (MLP), Gaussian Naive Bayes (GNB), and SVM, for classifying
road surface distress into bumps and manholes [32]. Although high
overall accuracy has been achieved in most of the research, the evalu-
ation on overall accuracy is hard to analyze in the road pavement
anomaly problem as this is typical unbalanced datasets where the cases
of normal road segments are significantly more than anomalies. With
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evaluation on just anomalies, such as research by Tai et al. [33] who
achieved a precision of 78.5% in pothole detection and by Wu et al. who
achieved classification with a precision of 88.5% and recall of 75%, the
accuracies are relatively low. Attention has also been paid to using deep
learning algorithms, such as recurrent neural networks (RNN) by Maeda
et al. [34], and Long Short-Term Memory networks (LSTMs) by Varona
et al. [35], which are widely adopted approaches for anomalies detec-
tion. However, RNNs and LSTMs, being deep learning algorithms
designed to capture dependencies and patterns in time series, are more
apt for tasks like sound recognition and irregularity detection in ma-
chinery vibrations and require a consistent amount of labelled training
data. In road pavement anomalies detection, however, the patterns of
the anomalies exhibit a substantial degree of randomness even after
noise reduction, which are hard to identify using deep learning models,
or at least for limited number of labelled samples.

The most significant obstacle that deteriorates the accuracy of
detecting road pavement anomalies is the alignment of sliding windows
in the time series data, which serve as samples in training and predic-
tion. These windows are challenging to align with anomalies, as they are
either too large (minimizing window features, such as standard devia-
tion) or too small (failing to represent the entire anomaly).

Another limitation of most anomaly detection systems is that the
testing environment operates under controlled or partially controlled
conditions. For instance, drivers are required to maintain constant or
near-constant speeds to avoid variations in data points due to changing
speeds. For example, Silva et al.’s approach [32] limited the sampling
rate to 50 Hz to minimize the speed effect. Varona et al. [35] distinguish
road anomalies from movements of vehicles caused by driver actions.
Chuang et al. [36] categorized the data into three speed ranges: <40
km/h, 40 to 80 km/h, and > 80 km/h, to calculate the IRI, respectively.
However, this effect is challenging to represent by merely grouping into
speed ranges, as the vehicle’s speed changes continuously, especially on
busy road networks where accelerations and stops occur frequently.

In this research, an innovative road health monitoring system with a
two-stage machine learning model is proposed. The approach addresses
several key challenges by employing unique methodologies. In the data
pre-processing stage, the proposed research delves into the different
types of noise sources and proposes an effective filter to remove them.
Additionally, instead of using time domain data, the proposed approach
converts time series data to geospatial data by adopting GPS locations,
eliminating the influence of the speed of vehicles, therefore making the
system suitable for community-level implementation. Following data
filtering, the first stage model detects the potential anomalies using a
Random Forest Classifier (RFC), while the second stage further classifies
them into four distinct categories, including normal road windows, large
cracks, road bumps and potholes, using a Gaussian Process Classifier.
Such a two-stage model significantly outperforms the conventional one-
off machine learning models for road pavement surface anomaly de-
tections. To assess its efficacy, comprehensive testing was conducted on
a regular bus running in Cork, Ireland, under real-world and uncon-
trolled conditions.

The introduction section highlights the engineering significance of
road pavement surface monitoring, followed by a brief description of the
pros and cons of conventional road monitoring methods. The advantages
and limitations of peer research in road pavement surface monitoring
approaches using smartphone sensing are then listed, highlighting the
urgent need to develop comprehensive noise reduction techniques,
geospatial data transformation, and a two-stage machine learning
approach. The rest of this paper is organized as follows: Section 2 out-
lines the overall methodology of the proposed approach. Section 3 de-
tails the data collection and preprocessing. Section 4 describes the two-
stage machine learning model. Section 5 illustrates the results obtained
from a real-world implementation. Conclusions are given in Section 6.
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Fig. 1. Workflow of 2-stage machine learning road anomaly detection system.

2. Overview of the road health monitoring system

The proposed approach consists of five distinct steps, comprising
data acquisition, data base/backend, data pre-processing, machine
learning engine and frontend, as illustrated in Fig. 1.

1. Initial data acquisition involves the capture of motion sensor and
location data through smartphones in the first layer of data collec-
tion. In this phase, a dedicated smartphone application is developed
to facilitate the systematic collection and transmission of data to the
cloud.

2. The acquired data is then stored in the cloud, and a backend system
has been constructed to manage the data flow effectively.

3. Following data acquisition, the raw data is subjected to a data pre-
processing layer, where most of the noises are minimized to a level
enabling the identification of anomaly features. Subsequently, the
accelerations, presented as time series data, are transformed into
geospatial series using polynomial interpolation between every two
adjacent GPS coordinates.

4. The machine learning engine consists of a two-stage machine
learning model. In the first stage of the machine learning model, a
binary classification model employing random forest is trained to
classify small segments of the time series into high (positive) and low
(negative) vibrations. The segments identified as high vibrations are
then reconstructed into larger windows, each potentially containing
road anomalies. These windows are further transformed from time
series into geospatial series data, with each serving as an anomaly
window in the subsequent classification.

In the second stage of the machine learning model, features of
anomaly windows are extracted and assembled as samples to for clas-
sification using a trained Gaussian Process Classifier (GPC). Four classes
are considered in this research, including normal road windows, large
cracks, road bumps and potholes. The mean predictions of each sample
and associated probabilities are obtained through GPC. 5. In the last
step, those results, along with the lengths and severity of the anomalies,
are geographically marked on the map according to their GPS

information from the first step.

A pivotal difference between the proposed methodology and existing
peer research lies in the incorporation of GPS coordinates, which are
transformed into geospatial series for calculating the lengths of anom-
alies as part of the machine learning training and predictions. In
contrast, peer research merely employs GPS coordinates for mapping
road anomalies. There are two notable advantages of the proposed
method over peer research. Firstly, the transformation from temporal
data (time series) to geospatial data allows road anomaly lengths or
length-related parameters to be one of the features. This proves partic-
ularly advantageous in distinguishing anomalies, such as potholes,
which generally generate short but intense vibrations over a relatively
short period of distance. Secondly, the geospatial series data is charac-
teristic by time independent, enabling the detection of anomalies
regardless of the speed of vehicles. Eliminating the need to control
vehicle speed during detection enhances the versatility of data collec-
tion, facilitating operations in various scenarios, even in city centres
where stationary, acceleration, and deceleration events are inevitable.

Instead of detecting anomalies directly from the dataset, a two-level
machine learning model is introduced in this research to first extract
potential anomalies and subsequently classify them into different cate-
gories. Similar to machine learning models for objective detections, the
first stage model is designed to pinpoint the potential anomalies, pre-
dicting their distances and vibration ranges, shown as red boxes in
Fig. 1. The second stage model will concentrate exclusively on those
identified samples, classifying them into four classes: normal road seg-
ments, large cracks, road bumps and potholes. Thus, the road pavement
anomalies can be identified as well as classified. Furthermore, the model
provides probabilities for each class, along with information on the
lengths and severity of anomalies, aiding in informed decision-making
for road maintenance. This is unattainable through conventional one-
off machine learning models. Because the training and test sets of such
models require them to be homogeneous in terms of sizes or necessitate
specific alterations in a user-defined pattern. Thus, such models struggle
to focus on anomalies directly, given that road defects appear randomly
in lengths and locations. In comparison to one-off machine learning
models, the proposed two-level approach can capture and directly focus



K. Zhao et al.

o
&8UCC

Insight® .z3,

This APP is ONLY used for data collection

Record

Do NOT move or rotate your Phone
when recording

200 Hz

m
JV‘- Acceleration w!e‘ I w
X 0.430
X 2.453
Y4 9.317
4 Y
& orientation VWVWVV et 'n"'
Azimuth -106.803
Pith -15.161
Roll -1.828
J) Position
Latitude 51.892941
Longtitude -8.501091
Speed -1.0

Save to Cloud User manual

(a) (b)
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on vibrations of anomalies, increasing the accuracy of features that
describe them. Additionally, having lengths as features of the anomaly
windows, the proposed approach is more informative and exhibits
significantly improved overall accuracy, offering a more comprehensive
understanding of road pavement anomalies.

3. Smartphone sensor data collection and processing

It is advised by Ferjani and Alsaif [37] that vibrations of drive-by
vehicles induced by road anomalies are largely associated with z-axis
accelerations (vertical vibrations of vehicle, as shown in Fig. 2). There is
a partial association between x-axis and y-axis accelerations, repre-
senting horizontal and longitudinal directions of the vehicle, respec-
tively. To further mitigate the dependency of the rotation of the
smartphones, rotation data encompassing pitch, roll and azimuth is
recorded. Additionally, the GPS coordinates are also collected to
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incorporate the spatial locations of the anomalies along with accelera-
tion data.

3.1. Smartphone application development

To collect motion and GPS data, a dedicated iOS-based application
was designed to read and upload the data from smartphones to the cloud
for further processing. The application was developed through the iOS-
based platform, X-code. The SensorManager class enables access to
motion sensors, while the LocationManager class is employed to retrieve
location data. The default sampling rate of motion sensors embedded in
a standard iPhone within the iOS API is 100 Hz. However, the maximum
sampling rate can be adjusted to reach up to 200 Hz by modifying the
recording time interval. In the application, a customizable sample rate
was implemented through a scroll bar. This feature allows for the
investigation of the impact of sampling rate variations on the accuracy
of road anomaly detection, as illustrated in Fig. 2. This flexibility in
sampling rates enhances the adaptability of the application to different
scenarios, contributing to a more comprehensive analysis of road
anomalies.

The GPS data, on the other hand, is provided by the navigation
satellites from the network provider, with maximum sampling rate
capped at 1 Hz. Notably, in addition to longitude and latitude data, the
GPS provider also provides vehicles’ speed and bearing, both of which
are leveraged in this research. However, as the reliability of the GPS data
is contingent on the quality of the signal, i.e. poor internet connections
introduce delays in reflecting the current speed, the vehicle’s speed is
calculated directly from the longitudes and latitudes.

3.2. Data processing

Among all vibration-based road pavement monitoring approaches,
the predominant concern revolves around the impact of noises, which
significantly diminishes detection accuracy by generating numerous
false positives. Across various research endeavours, a common practice
is to develop a data processing module for pre-processing raw data
before integrating it into any detection mechanism. However, seldom
attention is given to delving into the nature of the noises. In many cases,
a trial-and-error approach is employed, resulting in substantial
discrepancy among peer research studies when attempting to remove
those noises. The absence of such observations hinders the development
of more effective noise removal strategies. A comprehensive examina-
tion and understanding of noise characteristics are essential for
enhancing the accuracy and reliability of road pavement monitoring
systems.

(b)

Fig. 3. Linear and angular motion along the axes of a vehicle (a) and a smartphone (b) [4].
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Fig. 4. Time domain and Frequency domain of engine noise before and after filtering by 19 Hz lowpass: (a) raw data, time domain; (b) raw data, frequency domain;

(c) filtered data, time domain; (d) filtered data, time domain.

The first type of noise considered in this study is the one caused by
the orientation mismatch of vehicle and smartphone, as shown in Fig. 3.
Inevitably, during data collection, the orientations of the smartphone do
not perfectly align with those of the vehicles, causing accelerations in 3
axes that cannot represent the vehicle’s vibrations. This can be removed
by transforming linear accelerations along smartphones’ axes into linear
accelerations along vehicle axes using the transformation matrix in Eq.
2.1. The gravity can then be subtracted from vertical acceleration. The 3-
axis accelerations can, thus, represent the orthogonal movement of the
vehicles.

Accy 1 0 0 cosp 0 sinp | |cosy —siny O
Accy = |0 cosa —sina 0 1 0 siny cosy O
Accy | 0 —sina cosa —sinfg 0 cosf 0 0 1

Where Accy, ; are linear accelerations in m/s? along 3 axes. a, pand y
are the Euler angles about x, y and z axes, respectively, as shown in the
Fig. 3.

Engines emerge as a prominent source generating large vibrations,
which the smartphone sensors can easily pick up. In fact, this noise

:: h “"“‘ \

) |
JI A, J\ M AN

0 10 20 30 40 50

(b)

component is relatively straightforward to eliminate as it causes stable
and consistent patterns throughout the entire data collection process. It
is worth noting that it is advised by [38] that it takes approximately 20 s
for the engine and smartphone sensors to be stabilized after engine starts
operating. The first 20 s of dataset are, therefore, discarded.

To obtain the frequency range associate with the engine vibration,
the analysis focuses on vertical accelerations when the vehicle is either
stationary or moving on a smooth road. Following the transformation of
data from the time domain to the frequency domain using the Fourier
transform, as shown in Fig. 4 (a, b), it becomes evident that the engine’s

Accy
Accy
Acc,

@21

dev

frequency is centred around 20 Hz. Subsequently, a 4th-order Butter-
worth filter with a 19 Hz lowpass is employed to filter the data. The
filtered accelerations, obtained through the reverse Fourier transform,
are illustrated in Fig. 4 (c). Comparing this to the raw data shown in
Fig. 4 (a), it is apparent that the time domain data becomes smoother
after filtering. Additionally, the magnitude of the frequency at 20 Hz in
the frequency domain is significantly reduced, as observed in Fig. 4 (b,
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Fig. 5. Time domain and Frequency domain of vehicle acceleration before and after filtering by 3.5 Hz highpass: (a) raw data, time domain; (b) raw data, frequency

domain; (c) filtered data, time domain; (d) filtered data, time domain.
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d). However, it is important to note that the acceleration caused by the
engine cannot be entirely eliminated using the Butterworth filter, as
evidenced by the persistence of the spike in the frequency domain. The
primary objective of noise removal is to diminish the dominance of noise
to the extent that vibrations caused by road anomalies become signifi-
cant enough to be identified. This phenomenon will be illustrated in
Fig. 7.

Drivers (e.g. swerving, turning, and vehicles’ accelerations or de-
celerations) are another source of noise that can significantly compro-
mise the dataset. Similar investigative procedures are applied to address
those noise sources. Fig. 5 shows the time domain and frequency do-
mains of vibration data when the vehicle accelerates. It can be seen that
the frequency of the noise is located around 3 Hz. To eliminate this, a
4th-order Butterworth filter with a 3.5 Hz highpass is applied. The
skewing effect of the time domain data due to acceleration, Fig. 5 (a), is
flattened, Fig. 5 (c), after filtering. The removal of vehicles’
acceleration-induced noise enhances the prominence of accelerations
caused by other sources. Similarly, a frequency of 3 Hz is observed
during vehicle turning, as shown in Fig. 6 (a, b). This can also be
eliminated using the same filter as vehicle accelerations. Filtered results
in Fig. 6(right) underscore the effectiveness of the filtering process.
Deceleration and swerving show similar effects with acceleration and
turning. Due to redundancy with the preceding content, further elabo-
ration is deemed unnecessary.

Noises along the x-axis and y-axis are also investigated. Distinct
differences exist in vibrations across the three axes. For instance, vehicle
acceleration and deceleration predominantly induce vibrations along

the vehicle’s moving direction, i.e., the x-axis. Conversely, turning and
swerving predominantly cause significant vibrations along the y-axis.
Despite these variations in the power of different vibrations, the fre-
quencies they generate remain consistent. Therefore, identical filters are
applied to both the x-axis and y-axis to mitigate these noises effectively.

The efficacy of the filters is assessed on road pavement with anom-
alies. The overall frequency domain is shown in Fig. 7 (a), and the fre-
quency domain after 3.5 Hz to 19 Hz bandpass filtering is shown in Fig. 7
(b). It can be seen that the frequency range of vibrations induced by the
engine is observed above 20 Hz, those resulting from drivers’ maneuvers
are below 4 Hz, and vibration induced by road anomalies lies within
around 5 Hz to 18 Hz. Additionally, the power of the frequency of
anomaly vibrations tends to be overshadowed by maneuvers and engine
vibrations, creating difficulties in accurately extracting anomaly fea-
tures. Following filtering, it becomes apparent in Fig. 7 (b) that the vi-
brations caused by anomalies become more significant compared to the
pre-filtered state.

In the last step of the data processing, filtered data are transformed
into geospatial series from time series, as shown in Fig. 8, for data
processing after first-level machine learning model prediction. The key
to this step is to label each vibration point with geographic coordinates
and calculate its accumulative distance the journey’s starting point
using the Haversine formula.

It is important to note that the maximum sampling rate of com-
mercial Global Navigation Satellite Systems is 1 Hz while the sampling
rate of the sensors in this research is 100 Hz. Consequently, the vibra-
tions can only be labelled with locations every 1 s, aligning with the
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Fig. 8. Transformation from time-series to geospatial series: (a) accelerations vs time; (a) acceleration vs accumulative distance.

satellite system’s sampling rate. To address this discrepancy, the
remaining 99 coordinates within each second are approximated through
polynomial interpolation based on the average speed of two adjacent
coordinates. This average speed is estimated to be approximately equal
to the Haversine distance between the two points, see Eq. 2.2. As shown
in Fig. 9, along the geospatial axis, vibration data points and their cor-
responding locations are distributed polynomially based on the average
speed. The distance of each point from the starting point A is then
calculated using the Haversine formula, providing a coherent repre-
sentation of the spatial distribution of vibrations over time.

H = sin’ (A¢/2) + cos ¢1-cos p2-sin” (A1/2) 2.2)

Noises caused by GPS errors and smartphone sensor inaccuracy
should be paid equal attention. Inevitably, signal blockages or being
outside signal coverage during data collection can lead to location
jumping or loss of data points, resulting in unrealistic large speeds in
subsequent calculations and a reduced number of vibration data points.
Moreover, sensor inaccuracies are prevalent in most smartphones; for
instance, with a pre-set sampling rate of 100 Hz, it was observed that
100.7 data points were collected using an iPhone 13. Such error can be
accumulated to a significant error if the data is collected for a long time.
The most effective approach to mitigate these errors is identifying and
eliminating suspicious data during collection. For GPS errors, a
threshold of 80 km/h is set to identify GPS jumps every 2 s. This
approach aligns with the intended use for buses operating within city
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Fig. 9. Workflow of the first stage machine learning.

limits where speed limits are typically below 50 km/h. Regarding sensor
inaccuracies, data points exceeding 100 every 2 s are removed. Thus,
while minimizing data loss, the errors of sensor inaccuracies are avoided
from accumulating.

4. Two-stage machine learning model for road anomaly
detection and classification

4.1. Stage-1 machine learning model

The primary objective of the first stage machine learning model is to
detect any potential road pavement anomalies using the vibration time
series dataset. This concept is similar to machine learning models for
objective detection in 2-dimentional datasets, such as, You Only Look
Once (YOLO). However, the proposed approach opts for training with 1-
dimensional datasets due to the nature of our problem. Fig. 9 shows the
procedure adopted to train the machine learning model.

After being pre-processed, the entire dataset is partitioned into small
windows. To ensure the model is trained to have enough sensitivity to
detect anomalies with a short period of length/time, segments should
have a small number of data points. On the other hand, if the lengths of
the segments are too short, one may fail to capture and describe the
features of the anomaly adequately. In this context, a window of 20 data
points with 50% is considered to be capable of detecting any road
anomalies that are longer than 0.1 s.

Subsequentially, features are extracted from each segment to serve as
samples for training and testing the first machine learning model. Spe-
cifically, the standard deviation, mean of the absolute values and skew
of each segment are computed and utilized as features. Each sample is
manually labelled. The data is then divided into train and test sets. A

Acceleration (m/s?)
3
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binary random forest classification model is fitted in the training set. We
applied a grid search approach to the hyperparameter selection.

In the final step, segments of the test set that are predicted as
consecutive positives are aggregated and reconstructed into windows
that contain the whole vibration events. Subsequently, those windows
can then be transformed into geospatial series using labels from the data
processing layer. The visualization of the results is shown in Fig. 10,
where the rectangles’ bases represent the length of the anomaly, and the
height corresponds to the range from the minimum to the maximum
accelerations within them.

The challenge of the 2-stage machine learning model is that the
prediction error of the first level model can be inherited by the second
stage, thereby affecting the overall accuracy of the model. Specifically,
the errors that can be inherited are limited to the false negatives, i.e. the
model fails to detect the true anomalies. The false positives, on the other
hand, can be treated as one class in the subsequent model. If the recall of
the model is or is close to 100%, the error associated with false positives
will not be inherited. This can be achieved by adjusting the model’s
sensitivity ensuring that any ambiguous events are marked as positive.

The conventional evaluation of the classification task is to use a
confusion matrix to compare all test labels with predicted labels. How-
ever, in the context of road pavement anomaly detection, this evaluation
approach describes the accuracy of the segments rather than whole
anomaly events. It has been observed that the majority of the false
negatives result from misalignment for the same events, thereby mis-
judging the model’s accuracy. Therefore, for the first stage model, the
confusion matrix for the events was considered, i.e. it marked as true
positives as long as there were overlaps in each window.

4.2. Stage-2 machine learning model

Anomaly-type classification is achieved through the second stage of
the machine learning model. By calibrating each window with anoma-
lies identified by manual inspections, the windows are labelled into four
categories: normal road, large cracks, road bumps and potholes. It is

Table 1
Features considered in the presented study.

Features Geospatial domain

w

Mean

Standard derivation (SD)

Mean absolute derivation (MAD)
Crest Factor (CF)

Mean absolute value (Mean(Abs))
Root Mean Square (RMS)
Maximum Peak to Peak (P2PMax)
The Signal Magnitude Area (SMA)
Length

Slenderness ratio

Hump parameter (HP)

Total

o = W0 W W W W W

N
v

2

360 380

400

L]

420 440 Index

Fig. 10. Visualization of the first stage machine learning model.
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Fig. 11. Data acquisition routes and smartphone placements.

worth noting that during data collection and manual inspections, small
cracks often induce limited vibrations, easily covered by other vibration
sources. Nevertheless, small cracks often received minimal attention
during road maintenance, as they neither indicate structural damage nor
generate significant vibrations that compromise road user comfort.
Additionally, road patches exhibit vibration patterns similar to road
bumps and are classified as road bumps, effectively excluding them from
the category of road anomalies. Such categorization provides a more
refined understanding of the different types of anomalies present in the
dataset.

Feature extraction is essential to train machine learning models as
unrelated features could deteriorate the accuracy and increase the
computational cost. The features that can describe time series data can
be extensive, encompassing aspects from both the geospatial and fre-
quency domains for all three-axis accelerations. The features considered
in this research are outlined in Table 1. In addition to standard features,
three additional ones were specifically implemented for road pavement
anomalies detection: lengths, slenderness and hump parameters. It is
observed that different types of road anomalies show distinct lengths or
height/length ratio (slenderness). For example, potholes typically have
a very high height/length ratio as they cause large vibrations in a very
short period of time. Whilst the hump parameters are created just for
distinguishing humps from other types of anomalies. Humps, which are
typically road patches or speed bumps, also cause large vibrations but
should be excluded from the road anomalies. When hitting a road hump,
vehicles are forced to go up, generating large positive accelerations. On
the contrary, normal road anomalies have concave surfaces, causing
large negative accelerations. The hump parameter is a value that de-
scribes whether the vibration in a window has a high positive value for
hump, a low negative value for severer road anomalies, or O for rela-
tively low vibrations.

To identify the most relevant features from Table 1, this research
employs the mean decrease in impurity (MDI) based on random forest

analysis. This method calculates the average decrease in impurity over
all trees in the forest, providing a measure of the importance of each
feature in making accurate predictions across all trees in the ensemble.
Features with a higher mean decrease in impurity are considered more
important because they contribute more to the overall reduction in
impurity and, consequently, to the model‘s predictive power. However,
the mean decrease in impurity tends to be biased towards numerical
features due to the numerical thresholds of splitting criterions. Addi-
tionally, for highly correlated features, the importance scores may be
spread across them, leading to a dilution of the importance of individual
features.

On the other hand, the Self-Organizing Map (SOM) is an unsuper-
vised machine learning algorithm that uses artificial neural networks. By
preserving the topological relationships of the input data, similar input
samples are attracted and self-organizing to specific regions. Visualizing
the weights of each feature can provide valuable insights into the feature
importance and feature correlations. Combining SOM with MDI, the
most relevant features for the classification task are selected, ensuring a
comprehensive understanding of the features that significantly
contribute to the model’s accuracy.

The classification model for the second stage is trained using a binary
Gaussian Process Classification (GPC) model. The Gaussian Process is a
stochastic process model that defines a distribution over functions,
typically Gaussian, to capture the uncertainty associated with pre-
dictions. It is a non-parametric model particularly suitable for small
sample models where uncertainties are inherited. For classification tasks
based on the Gaussian Process, it provides a probabilistic classification,
where the test predictions take the form of class probabilities.

Assuming training dataset X = {x;} with label y; € { —1,+1} for
binary classifications. The goal is to model the probability
p(y» = +1|x+,X,y)}. Assuming y follows a Gaussian prior with 0 mean
and kernel specified covariance k(x,x’) on a latent function f, namely
nuisance function, that is
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Fig. 12. Mean decrease in impurity over 25 features.

f() ~ 2(0,k(x,x) (2.3)

The values of the latent function are then passed to a logistic link
function, see Eq. 2.4, to the probabilistic classification to obtain class
probability @(x) = A(f(x) ).

Mz)=(1+e*)" 249

The likelihood function of the observed labels y given the latent
function f(x) is therefore written as

pilf(x)) = @(yif (x:))

By Bayes’ theorem, the posterior over the latent variables is given by
p(fIX,y) = pIf)p(fIX)/p(y|X). Unlike Gaussian Process Regression,
which assumes the posterior as a Gaussian, the posterior of the latent
function f is not Gaussian as the prior goes through a link function. In
this case, a Laplace approximation is applied to find the posterior dis-

(2.5)

tribution, namely to find the maximum a posterior (MAP) estimate, f =
argmax; p(f|X,y). This is obtained by maximizing the log posterior,
written as

1 4 1 n
logp(f[X.y) = logp(ylf) —5 f* K~ f —5 log |K| — 7 log 27 (2.6)

The optimal hyperparameters are determined when the MAP is
reached. However, to avoid local optimal, it is required to run several
iterations during MAP optimization.

The kernel of the GPC, as the most essential part of the model, uti-
lized the most popular choice for GPC, the Radial Basis Function (RBF)
kernel, also known as the squared exponential kernel. The RBF kernel is
characterized by its ability to capture smooth and continuous functions,
as the latent function f(x) is assumed to be a smooth function that varies
across the input space. As the only hyperparameters in the RBF kernel,
the length scales allow to capture the smoothness along each axis. If the
length scale is small for a particular dimension, the RBF kernel will be
sensitive to variations along this dimension. As there are multiple fea-
tures to classify the road pavement anomalies, the length scales are a
vector with the same number of the dimensions as the features. Addi-
tionally, in this research, a constant kernel is multiplied with the RBF to

10

optimise its mean. Thus, the whole kernel is written as

> d(xhxi)Z)

oE @7

k(x;,x;) = Cexp < -

Where C is the constant kernel, D is the number of dimensions and I;
is the length scale for the d-th dimension.

It is important to note that a large length scale means low sensitivity
to variations along that feature. This can be caused by either low rela-
tivity of that feature to the labels or inadequate observed points, leading
to high uncertainties. On the contrary, a low length scale shows high
sensitivity to variations, exhibiting high accuracy in the training set,
potentially causing overfitting. The hyperparameters for GPC, therefore,
require to be evaluated through balancing the accuracy from both
training and test sets.

5. Performance evaluation
5.1. Data collection and processing evaluation

The iOS application was installed on two iOS smartphones, iPhone
11 and iPhone 13, to test the sensors’ stability across different smart-
phone models and avoid potential hardware-induced errors. Vibrations
and GPS coordinates were collected at sampling rates of 100 Hz and 1
Hz, respectively. To validate the robustness of the data, the collection
process occurred along two different routes, involving two distinct types
of buses: the minibus Mercedes Sprinter Traveliner and the two-deck bus
Volvo B9TL, as illustrated in Fig. 11.The smartphones were securely
affixed facing forward under the front seat on the bus lower deck,
positioned as close to the vehicle’s suspension system as possible for
optimal data capture.

The experiment routes comprise various road conditions, including
flat stretches, slopes, sharp turns, well-maintained roads, road bumps,
and anomalies such as potholes. The routes are located in Cork, Ireland,
covering approximately 6 and 5 km respectively, as shown in Fig. 11.
Given that the buses encountered multiple stops, starts, and unexpected
driving maneuvers as they entered the city centre, the data collection
occurred under entirely uncontrolled conditions. Importantly, the driver
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was not informed about the experiment to ensure the authenticity of the training and prediction.

data collected. This real-world, uncontrolled setting allows for a robust

evaluation of the proposed methodology under diverse and dynamic 5.2. Evaluation on Stage-1 machine learning model
conditions.

On two routes, a total of 227,575 data points were collected for each For the first stage machine learning model, by dividing accelerations
axis of acceleration, while 2243 data points were recorded for GPS co- into segments with 20 data points and 50% overlap, 22,306 segments
ordinates. To account for the stabilization period of the engine and GPS are generated and labelled with potential anomalies and normal seg-
upon starting the journey, the first 30 s of data were discarded. Addi- ments. The features, including mean absolute values, standard deriva-
tionally, 20 s of unavailing data, corresponding to parking maneuvers, tion and skew, are extracted from those segments, forming 22,306
were excluded before concluding the journey. Subsequently, the trim- samples. Those samples were randomly divided into 80% for training
med accelerations were cleaned to eliminate sensor inaccuracy and GPS and 20% as test set.
errors and matched with GPS coordinates according to their respective The training set was then used to fit a RFC model, while the test set
time stamp. The remaining 224,100 accelerations for each axis are then was employed to evaluate the model. The depth in the model was
filtered and transformed to geospatial series for second stage ML selected through hyperparametrisation. A particularity of this

11
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Table 2
GPC training results.
80% of all datasets Mercedes Sprinter Volvo B9TL
Precision Recall Precision Precision Recall Precision Precision Recall Precision
Normal road windows 0.92 0.92 0.95 0.84 0.84 0.86 0.91 0.94 0.92
Training set Large cracks 0.92 0.92 0.90 Test set 0.80 0.80 0.76 0.76 0.76 0.76
Road bumps 1.00 1.00 0.90 1.00 1.00 1.00 0.83 0.62 0.71
Potholes 0.80 0.80 0.80 1.00 1.00 1.00 0.75 0.75 0.75
Overall accuracy 0.92 0.88 0.86
Receiver Operating Characteristic Table 3
Trained hyperparameters of GPC model.
1.0 fr
S tEEEERER Class 1 Class 2 Class 3 Class 4
Lk Mean 11.7 4.42 6.1 6.75
L1 7.1e3 8e3 le5 405 SD
0.8 L2 1.52 0.895 2.4e3 2.74 P2PMax
’ L3 1.2 0.278 3.0e3 0.956 Mean Abs
L4 le5 1.9e4 le5 le4 SMA
L5 1.86 1.14 le5 1.41 Slender ratio
) . L6 le5 le5 14 2.9e4 Length
S061 |# L7 1e5 1.06 0.509 9.3e3 Hump factor
o) n
> n
s
§ A SOM was trained using the Gaussian neighbourhood function with
Y 0.4 all 25 features, structured in a 25 by 25 grid. The weights of each layer
= (feature) were visualized on the map to illustrate their patterns. As
shown in Fig. 13, it can be observed that the standard derivations, mean
absolute derivations, and root mean square of all three axes values
0.2 1 = = macro-average ROC curve (AUC = 0.96) exhibit identical patterns, indicating significant correlations between
ROC curve for Normal road (AUC = 0.96) them. Finally, by removing small importance features shown in Fig. 12,
ROC curve for Large cracks (AUC = 0.91) P2Pmax, SMA, length, STD, slenderness, length, mean absolute value
ROC curve for Road bumps (AUC = 0.98) and hump parameter were ultimately selected to be trained for the next
0.0 A —— ROC curve for Potholes (AUC = 0.99) classification task.

0.0 0.2

0.4 0.6 0.8 1.0

False Positive Rate

Fig. 14. Receiver Operating Characteristic and Area under Curve (AUC) of
GPC model.

application is that the primary objective of the first stage is to have the
highest recall or a minimum number of false negatives rather than
optimizing the overall accuracy in order to prevent errors from inher-
iting to the second stage. By balancing the overfit and recalls on training
and test set, the optimal depth of 5 is selected.

The validation for the RFC is also conducted in terms of events, as
illustrated in Section 2.3, involving the reconstruction of constituent
segments into windows and assessing overlaps with labelled data. In the
test set, after reconstruction, out of 323 true events, 333 events were
predicted, resulting in O false negatives. Those windows were then
converted from time series to geospatial series so that the accelerations
could be time or speed independent, thereby used as features in the
stage-2 model.

5.3. Stage-2 machine learning model evaluation

From the first stage machine learning model, 333 windows were
predicted as potential road pavement anomalies from 22,306 segments.
The features listed in Table 1 were then extracted from these windows
for the second stage training and prediction. A feature importance
analysis was conducted to identify the most relevant features for the
stage-2 model training.

As shown in Fig. 12, the importance of features using the mean
decrease in impurity is predominantly associated with those linked to z-
axis accelerations. Some features, however, exhibit similar importance
levels, resulting in difficulty in selection. Additionally, the features’
correlations are complex to observe within MDI, introducing potential
issues for highly correlated features.

12

Before training and prediction in the second stage, 333 windows
were labelled into four categories, including normal road windows,
large cracks, road bumps and potholes. Samples were then divided into
80% training and 20% test set. GPC was fitted on the training data, as
described in the previous section. For the RBF kernel, there are 8
hyperparameters for each class, including the mean of the RBF and 7
length scales for each feature. The overall accuracy of the test set was
achieved at 88% as shown in Table 2.

The accuracy is also evaluated through the Receiver Operating
Characteristic (ROC) curve, as illustrated in Fig. 14. The areas under the
ROC curve (AUC) for each class are all close to one, indicating a good
performance for the model. This analysis further validates the effec-
tiveness of the classification model in distinguishing between different
classes of road pavement anomalies.

Observations can also be seen from the hyperparameters of the
trained GPC model, as shown in Table 3. Aside from the mean values for
each kernel, the length scales indicate the relativity of the features to the
corresponding class, i.e. low values indicate high sensitivity and vice
versa, noting that the 1e5 is the maximum length scale defined before
training the GPC model.

It can be observed that the normal road windows (Class 1) are largely
determined by the peak of the maximum to minimum value (P2PMax),
mean absolute value and slenderness of the windows. Other features
have small impact on predicting this class. Large cracks are predomi-
nantly related to the mean absolute values, P2Pmax, slender ratio and
the hump factor. Road bumps are associated with the hump factor and
the length of the windows. It is common sense when vehicles run over a
road bump or anything higher than regular road pavement; they will
cause instant large positive accelerations, precisely described by the
hump factor. On the other hand, the lengths of the road bumps can vary,
as patching on the road is also part of the road bump category, resulting
in relatively low sensitivity to the feature of length. For the potholes, it
normally causes short but intense vibrations over a short period of
length, causing accelerations with high P2PMax and standard
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derivations. This matches the length scales for the class of potholes,
which are slender ratio, mean absolute, P2Pmax and standard

derivation.

Table 3 also illustrates the overall importance of features to the
entire model. For example, P2Pmax has small length scales on classes 1,
2 and 4, indicating a high connection to those classes. Meanwhile, SMA

Fig. 15. Selected anomaly detection results by 2-stage ML system on Mercedes Sprinter Traveliner and validations by manual inspection.

has high length scales across almost all classes, suggesting that this
feature might have a limited impact on the GPC model if excluded
during the training process.

The GPC, being a stochastic model, generates predictions based on
the posterior distribution’s mean and probability (covariance). The
prediction probabilities provide insights into potential misclassification
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Fig. 16. Selected anomaly detection results by 2-stage ML system on Volvo B9 and validations by manual inspection.
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errors. In some cases, the predictions can be ambiguous, where the
maximum class probabilities are relatively low, making decision-making
challenging. This could be due to either a region of strong overlap be-
tween classes, or a lack of training examples within this region, leading
to high uncertainties, such as the bottom case shown in the Fig. 16. To
reduce those uncertainties, one can simply add more samples located
around the uncertainty regions. While adding an extensive number of
labelled samples could address this issue, it comes with the trade-off of
increased computational effort for both training and prediction in the
GPC model due to its nonparametric nature.

Misclassifications can also arise when the vehicle intentionally
avoids running over road anomalies labelled based on manual in-
spections. For instance, if drivers spot significant defects on the road,
they might consciously steer clear of these anomalies. Consequently, the
dataset may lack vibration data corresponding to these anomalies,
leading to false positives in the predictions by the first stage model,
thereby failing to be classified correctly by the second one. Correcting
such errors is challenging, as these events are difficult to be recorded
during data collection and, therefore, are absent from the labelled
datasets. It is important to note that these errors are not intrinsic to the
machine learning model itself. In essence, the GPC model could achieve
greater accuracy if such errors were not present.

Given the limited dataset of the second stage machine learning
model, a K-fold cross-validation was conducted to demonstrate the
robustness of the model and minimize the variance in performance. The
entire dataset was split into 5 folds, respectively. In each training iter-
ation, one fold was used as the test set and the rest was used for the
model training. The overall accuracy of the model consistently
converged to approximately 87.39% with 0.0383 standard derivation.
This convergence demonstrates the robustness of the machine learning
model, affirming its suitability for application in road pavement
anomaly detection.

In addition to road anomaly classification, supplementary informa-
tion such as anomaly locations (extracted from data preprocessing),
anomaly lengths (extracted from the first stage model), and the severity
of defects (represented by the standard deviation of each anomaly
window) can be provided. This additional information enhances
decision-making processes for road maintenance. The details are visu-
alized on an interactive map using OpenStreetMap. The results of two
labelled routes are presented in the Figs. 15 and 16, where deeper red
hues indicate the severity of road anomalies. Validations are conducted
by manual inspection on each route, shown as images in Figs. 15 and 16,
where locations of anomalies are extracted from image metadata.

6. Conclusions

This research introduces a structural health monitoring system
framework with a two-stage machine learning approach for the detec-
tion and classification of road anomalies using smartphone motion
sensors and GPS data at the community scale. In this framework, the first
stage employs a Random Forest Classifier to identify potential anoma-
lies, while the second stage utilizes a Gaussian Process Classifier for
detailed classification.

The two-stage machine learning model outperforms the traditional
machine learning model due to its capability of capturing the vibration
events of anomalies without including redundant vibrations, thereby
increasing the accuracy of features that describe the anomalies. On the
other hand, the proposed methodology utilizes the geospatial series for
the first time in the context of road anomaly detection. Compared with
time series data, the geospatial series is time-independent, eliminating
the effects of vehicles’ speed of anomaly detections, thereby being
suitable for complex driving environments.

Moreover, the study addresses challenges associated with noise
reduction, sensor inaccuracies, and GPS errors in the preprocessing
stages, ensuring the quality of the collected data. The application of
filters, such as a Butterworth filter, effectively reduces noise from
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sources like engine vibrations and driver maneuver, contributing to the
reliability of the subsequent machine learning models.

The developed two-stage model was evaluated on two representative
road segments in Cork, Ireland. It demonstrates promising results,
achieving robustness through cross-validation and exhibiting good
performance across various fold splits. Despite challenges associated
with potential misclassifications arising from drivers evading anomalies,
the model’s overall accuracy converges to approximately 87%,
demonstrating its suitability for real-world applications.

The significance of this research extends beyond anomaly detection.
The proposed methodology provides valuable supplementary informa-
tion, including anomaly locations, lengths, and severity, which can be
visualized on an interactive map. The proposed approach offers a more
accurate and informative representation than traditional maps only
incorporating local city council monitoring results.

As the geospatial series data is time-independent, the presented
research did not consider the weakening effect of vibrations when ve-
hicles run over anomalies at high speed. Therefore, the proposed
methodology might misclassify some of the anomalies in such cases. In
future research, the relationship between the intensity of vibrations of
anomalies and the speed of testing vehicles will be investigated in order
to enhance the model performance in a wider range of driving scenarios.

Current research using the two-stage model primarily focuses on
detecting and classifying road pavement anomalies. Future studies will
further extend the two-stage model to include road roughness estimation
using the International Roughness Index in order to provide indicators of
severity of road pavement deterioration, improving decision-making in
road maintenance.
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