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Abstract

A well-maintained road network is a crucial factor for sustainable urban development. Over the past few years, researchers
have proposed smartphone-based crowdsourced applications as a low-cost effective solution to acquire frequent road sur-
face quality updates. One of the main limitations faced by these applications is that the collected values exhibit significant
variations over the conditions under which the road data was collected. This study is an attempt to develop a road roughness
monitoring platform using passenger cars that can produce accurate results while reducing the effect of these conditions such
as the car type, smartphone model, or its placement. The developed system consists of several features including automatic
journey detection, freedom to use any smartphone in any position with or without an active internet connection when col-
lecting data, converging values collected from different sources, and visualizing them in a virtual map. A set of field tests
were carried out to evaluate the proposed system based on the road condition, passenger car type, smartphone model, and
smartphone placement inside the vehicle. The results show that the proposed solution is effective in predicting accurate

values after reducing the effect of these varying factors.

Keywords Road roughness - International roughness index - Signal processing - Machine learning - Crowdsourcing

1 Introduction

Infrastructure maintenance is paramount for sustainable
urbanization. With the population residing in urban areas
doubling every year [15], the consequent degradation
of infrastructure is inevitable. If urbanization happens
unplanned it will exert negative impacts on a country’s
economic growth, social welfare, and overall quality
of life [8]. The smart city concept comes into play as
an approach to find solutions to problems arising from
rapid urbanization, with sustainability in mind. In a broad
definition, a smart city is about creating new ways of
incorporating collaborations from individuals for the bet-
terment of city governance with the use of information
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and communication technology (ICT) [30]. The innova-
tions and expansions of ICT expedite the growth of smart
cities.

Among the other types of infrastructure, the road net-
work plays a vital role in sustainable urban development.
Technical defects and poor road conditions result in poor
ride quality and additional costs due to increased fuel con-
sumption, vehicle damages, and additional travel time. As
fuel consumption is directly related to the vehicle’s CO2
emission [18], it also triggers environmental pollution.
Therefore road conditions should be frequently monitored
to ensure they comply with the correct standards. The tradi-
tional methods of road quality monitoring such as the use of
dipstick profilers, bump integrators and visual inspection are
labour-intensive, expensive, and require expert supervision.
Developing countries with emerging economies struggle to
find such a workforce or precise technologies to maintain
their rapidly expanding road system. In Sri Lanka as well
the road sector has been expanding over the years resulting
in becoming the country with the highest road density in
South Asia [27]. However, around 25% of this road network
suffers from negligence and lack of maintenance especially
in rural areas [3].
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Previous research has revealed that smartphone-based solu-
tions can be used as low-cost and robust techniques to monitor
road quality [6, 16, 17]. These applications use accelerometers
and magnetometers embedded in modern smartphones to col-
lect road data. As the number of smartphone users is rapidly
increasing every year, these methods create a great opportu-
nity to frequently collect and update road quality status by
crowdsourcing. However, crowdsourcing can incur errors and
inconsistencies in calculated values as the collected data can
vary based on the vehicle type, smartphone model, or other
user-specific habits of using mobile phones. This research aims
to provide a solution to minimize these errors and efficiently
employ crowdsourcing techniques.

The main contributions of this paper can be identified
as follows.

— A novel solution to measure road surface quality which
is less susceptible to various factors that deviate the pre-
dicted roughness level from the actual level, and expects
minimum requirements from the user for data collection
is presented.

— A segmentation algorithm is presented to segmentize any
road using vehicle journey routes without having pre-
defined segments, and to identify repeated segments in
multiple journeys.

— An updating algorithm is introduced to calculate a bal-
anced roughness value from the acquired data on differ-
ent journeys while penalizing possible errors. Moreover,
a dashboard with a virtual map of roads is developed
using Google Map APIs to display the calculated values.

2 Related Work

A variety of methods to assess road surface quality have
been explored in the literature. In recent years, a multitude
of research studies has been conducted under smartphone-
based sensing approaches. Roadroid [21] can be identified as
one of the earliest software developed to monitor road condi-
tions using smartphone sensors. According to the authors,
smartphone-based monitoring falls into class 4, which is
subjective rating and uncalibrated measures, and would be
a powerful way of data collection even though it will not
provide precise results compared to the expensive precision
profiles. They have experimented on the influence of the
different vehicle types and road types, and have developed
a model to make calculations less susceptible. Their two
options of roughness calculation, eIRI (estimated IRI) and
cIRI (calculated IRI) were based on peaks and root mean
square analysis of vibrations and quarter-car-simulation.
Several research studies have investigated the use of
machine learning techniques to predict IRI. Asfault, a
mobile application, and a crowdsourced platform to monitor
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road conditions in real-time using machine learning algo-
rithms have been developed under the research study
referred to in [36]. They have considered the evaluation of
road condition as a 5 class classification problem (good,
average, fair, poor, and occurrences of obstacles). The SVM
(Support Vector Machines) classifier was used for the auto-
mated evaluation of road quality and the average accuracy
was 92%. However, the data collection was only available
to the developers or authorized experts. RoadSense [7] is
an Android application that makes use of both accelerom-
eter and gyroscope sensors. The authors have experimented
with three machine learning algorithms, C4.5 decision tree,
SVM, and Naive Bayes.

In [34] the authors have provided a comprehensive
review of the existing literature on smartphone sensor-based
approaches for road quality monitoring. The conclusions
drawn from the review include the necessity of develop-
ing a fully automated application without the involvement
of user interaction, providing adaptability to variations
observed under different vehicle types and road conditions,
and applying effective crowdsourcing techniques.

Experimental studies to identify and evaluate the factors
that affect the road quality measurements of smartphones
have been carried out in [5, 29, 40]. They have investi-
gated the influence of speed, the mobile phone model, its
placement, vehicle type and driving style. The results of
the experiments suggest that without proper calibration the
obtained values can vary significantly, however by apply-
ing suitable techniques and analyzing data from all sources
together, the difference can be minimized.

Crowdsourced techniques help to overcome the problems
of insufficient data coverage and can provide more frequent
updates, presumably improving the accuracy of the observa-
tions. In [24] the authors have proposed an optimized crowd-
sensing solution to assess road quality. Reorientation mecha-
nisms to align the smartphone accelerometer with the vehicle
axes were applied through the use of Euler Angles. An IRI
proxy value was calculated using the Root Mean Square of the
z-axis acceleration, the number of values collected in the 50m
segment, and vehicle speed. Data from multiple users were
integrated by simply merging it to the nearest existing point
using a distance-based weighting scheme.

A road condition monitoring system called RCT (Road
Condition Tool) is proposed in [38] and its performance was
analyzed in [37]. The objective of the application was to
support supply chain links in identifying appropriate routes.
A set of parameters including the vehicle type and weight
along with acceleration and GPS data were collected. The
repeatability of the calculated road pavement condition
assessment index was analyzed in terms of vehicle running
speed and vehicle category. Except for the category of heavy
goods vehicles, the other vehicle categories and the vehicle
speed had shown a low correlation with the index.
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The main drawbacks of these previously proposed
solutions are, requiring user interactions when collecting
vehicle journey data and not handling smartphone sensor
noises and errors efficiently to make the solutions properly
crowdsourced. Moreover, they have not proposed proper
techniques to recognize repeated road segments or to merge
collected values from different sources accordingly. The
majority of the previous solutions also lack validation of
the solution across varying conditions. Table 1 presents a
summary of the previous literature on smartphone-based
road condition monitoring.

3 Methodology

3.1 Overview of the Data Collecting Mobile
Application

An Android application “iRoads X which is an updated ver-
sion of “iRoads” [4] is used to collect GPS and acceleration
data. The collected data; which are anonymised to protect
the privacy of the user; are filtered, preprocessed, stored,
and transferred to a database. Figure 1 shows two user inter-
faces of the iRoads X application. The rest of this section
describes the techniques used in the iRoads X application
for data collection, preprocessing, and storing.

3.2 Speed Calculation

iRoads X uses GPS to calculate the speed of the vehicle. It
incorporates the haversine formula [14] given in Eq. 1, to
get the distance between two GPS coordinates, and then that
distance is divided by the time taken to travel the distance.

d= 2rarcsin[\/sin2 (%) + cos(¢h;) cos(¢h,) sin’ <7AZ ;A‘ )] 1)

— ris the radius of the Earth(i.e. 6371 km)
— ¢, ¢, are the latitudes of point 1 and point 2 (in radians)
— Ay, 4, are the longitudes of point 1 and point 2 (in radians)

3.3 Noise Filtering

When collecting smartphone sensor data by crowdsourcing,
the acquired signals may contain various types of noises.
The SMA (Simple Moving Average) filter is used by iRoads
X to decrease noises in the 3-axis accelerometer, such as
hand movements and vehicle maneuvers. SMA is an arith-
metic moving average that is calculated by taking the aver-
age of a data series. It can be mathematically represented by
Eq. 2. In this equation A; is the data point in the i th period,
and n is the total number of periods.

Al +A + .. +A,
n

@

Then the filtered data is put through a reorientation process
which is explained in the following section. To remove con-
stant noise such as engine vibrations, the system maintains
a queue for the average filters of each axis of the acceler-
ometer. Subsequently, another queue is maintained to keep
reoriented sensor data collected when the vehicle is stable.
Then the mean value of this queue is reduced from the mean
value obtained from the previous queue to obtain the aver-
age filtered constant noise from the accelerometer readings.

3.4 Re-Orientation

iRoads X uses the 3-axis accelerometer as the main sen-
sor to collect road profile data. A reorientation mechanism
is required as the users can keep the mobile phone in any
position while collecting the accelerometer data. For this
reorientation process, configurable two methods are used
in the iRoads X application. One method is by calculating
Euler angles [31]. Equations 3 to 13 represent the math-
ematical functions involved in this method. x, y, and z are the

initial acceleration values along x, y, and z axes and X, onseq>

Vyeoriented> A0 Zyoorienseq aT€ the accelerations after reorienting.
y
6 = arceos (5355
arccos 9.800 ?3)

4

¢ = arctan (— ) 4)
X

Xy = x X cos(¢p) — z X sin(¢) (5)

Yp =Y (6)

Zp = XX sin(¢) + z X cos(¢) (7

Xg = Xy X €08(0) + y, X sin(0) (8)

% =% )
Ko

a = arctan | — (10)
¢

Xreoriented = xg X cos(a) — 3y X Sin(a) (1 1)

Yreoriented = ¢ X Sin(e) + Yo cos(0) (12)

Zreoriented = 'xo X sin(a) + 29 X cos(a) (13)
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Fig. 1 User interfaces of the
iRoads X application

Loading Information...

The other method is by using the magnetic vector and the
gravity vector which can be found using the magnetom-
eter and the accelerometer in the smartphone [9]. In this
method, the reorientation can be performed without wait-
ing for braking events. First, the accelerometer sensor data
is transformed from the smartphone coordinate system to
the geometric coordinate system and then transformed to
the vehicle’s coordinate system. Figure 2 demonstrates this
reorientation process.

3.5 Identifying a Journey Without User Input

Another feature that iRoads X utilizes to support crowd-
sourcing is automatically identifying the time to collect data;
i.e., collecting data only when the user is travelling in a vehi-
cle. For this, iRoads X uses a third-party Software Develop-
ment Kit (SDK) called pathsense [2] to identify the start and
the end of a vehicle journey. This feature can minimize the
user interactions required for the data collection process,
which makes iRoads X more suitable and user-friendly for
crowdsourcing.

=  jiRoads X a

Para
1/<Jkamlcmy aR,
9 Road

Gamini Motors
Electronics Retail
and Repair Shop

©0

3.6 Database

As the local database to store the collected data, iRoads X uses
Couchbase lite [1]. The stored data is communicated with the
database server through a sync gateway [32]. This provides an
additional advantage that an active internet connection is not
required to collect the data, the users can connect later and sync
the data in the local database with the database server. The
overall architecture of the application is presented in Fig. 3.

3.7 Segmentation of Roads

A segmentation algorithm is implemented to segmentize any
road, and to identify the segments which are repeatedly trav-
elled by vehicles using GPS coordinates. The roads do not
need to have predefined segments, they will be automatically
segmented using vehicle routes. This section presents the
implementation methodology of the segmentation algorithm.

As the initial step, the collected journey data sorted by
the timestamp are retrieved from the couchbase server. Then

@ Springer
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reorientaion process

Fig.2 Reorientation of the X
mobile phone A y
Ze——
=

Fig.3 The overall architecture
of the iRoads X mobile applica-
tion
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the distance between each two GPS coordinates is calculated
using Eq. 1.

The points mounting up to the desired segment size (500m)
are saved as a new segment if the road did not change and a
previously recorded segment did not overlap with the new
segment before reaching the desired distance. The change
of the road is detected using reverse geocoding. If the road
changed, then a new segment will be started at that point dis-
carding the points before that as shown in Fig. 4.

The overlapping with an existing segment can happen
in two ways. The new journey can start at an earlier point
in the road and then start to overlap with an old segment as
shown in Fig. 5, or the new journey can start at the middle
of an existing segment as shown in Fig. 6. In the former
case, the existing segment is detected by searching for a
starting coordinate of an already saved segment that lies
close to the GPS coordinate of the current journey. In the
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Calculation
e

latter case, an ending coordinate will be searched. The flow
chart of the searching function is given in Fig. 7. If such a
segment exists, the points up to that overlapping point in
the current journey will be discarded.

Then the old segment is compared with the new journey
to confirm whether they overlap from the starting point
to the ending point. This is done by checking if the dif-
ference of the bearing angles of the two journeys does
not exceed a predefined limit. This comparison is required
as the new journey can have a U-turn at a middle point
of the old segment, without reaching the segment end.
On rare occasions, the two journey directions can show
a significant difference due to other reasons, but the two
segments may still completely overlap. To handle such
cases another function is applied. The difference of that
function is that instead of checking the bearing angle of
every sub-segment, it will check the distance between the
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Fig.4 Starting a new segment when the road changes

mapped with
old the old segment (500m)
journey

new

journey

Fig.5 New journey starting at an earlier point in the road and then
overlapping with an old segment

ed with

mapp:
. old the old segment (500m)
ourney

removed
Eart
(<500m)

. New
journey

Fig.6 New journey starting at the middle of an existing segment

ending point of the old segment and the new segment as
shown in the flow chart in Fig. 8.

3.8 Road Roughness Prediction

When properly trained, machine learning models are
capable of handling complex tasks and predicting more
accurate values to a larger range of inputs compared to
threshold-based algorithms [12, 26]. Therefore to predict
road roughness level, an XGBoost based machine learning
model is implemented. The predicted roughness level is

based on the IRI (International Roughness Index) and will
be referred to as alt-IRI (alternative IRI) in the following
sections. XGBoost which stands for “Extreme Gradient
Boosting” is a highly scalable, memory efficient, and flex-
ible supervised learning technique based on decision tree
ensembles [11]. It attempts to predict an accurate value
for the target variable by optimizing the loss function and
applying regularization.

The features selected to predict the alt-IRI for each
segment are the mean, the maximum, and the standard
deviation of acceleration signals and the number of spikes
(pulses) in X, y, and z directions, along with the average
speed of the vehicle. The model is trained using a data-
set collected from roads mounting up to 56 km through
crowdsourcing. The dataset is labelled using the values
collected by running a ROMDAS (Road Measurement
Data Acquisition System) on the same road segments. The
road quality category is then determined by classifying
the predicted value into four classes as given in Table 2.

3.9 Updating the Values

If a new segment is identified, the predicted alt-IRI for
the segment is saved along with the segment data and the
timestamp. If the segment is repeated, then an updated
value is calculated as given in 1.

Pseudocode 1 Calculating an updated mean.

1: function CALCULATE TRIMMED VALUE

2: N R < number of records from the last 06 months

3: AR < all records from the last 06 months

4: LR < records where altI RI is among 5% of the
largest alt1 R1Is of all records in the last 06 months

5: SR < records where altI RI is among 5% of the
smallest altI RIs of all records in the last 06 months
6 if NR > 25 then
7: remove LR and SR from AR
8 SW <0
9: SV <0
10: for remaining record in AR do
11: calculate a weighted value for altI RI
12: based on the recorded month
13: W <« assigned weight
14: V <« weighted altI RI
15: SW «— SW+ W
16: SV <« SV+V
17: end for
18: trimmedmean < = SV/SW
19: return trimmedmean
20: end if

21: end function

@ Springer
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Start

Get the GPS point and the
corresponding road

Check for a segment with the
starting point in x meter radius
from the selected point in the same

road
Starting
point of a o Check for an end-pomt in Ending
segment x meter radius point of a o
exists? segment

exists?
Yés
| Return Null
Return the segment |« - Yes -

Fig.7 The flow chart for the function to search existing matching segments

The updating algorithm ensures that the alt-IRI values are
frequently updated while penalizing the possible errors due
to crowdsourced data collection. If there exist parts of the
roads with less than 500m of length that may not be included
in a segment, then their alt-IRI values are calculated by aver-
aging the values of adjacent segments.

3.10 Visualizing the Calculated Values

As the next step, a virtual dashboard is developed using
Angular]S to visualize the collected alt-IRI of roads in Sri
Lanka on a map. This dashboard can be used by the public
and road development authorities to easily identify the road
conditions in the country. Figure 9 presents the interface of
the dashboard displaying calculated alt-IRI.

3.11 Overall System Overview

The complete system architecture is depicted in Fig. 10.
This diagram depicts how the aforementioned components
communicate with one another in order to achieve the final
objective.

@ Springer

Figure 11 shows a conceptual diagram that explains
the overall system. The 3 axis accelerometer readings are
the independent variables in this system. The IRI of roads
is the dependent variable. The moderator variables are
the type of vehicle, the type of smartphone, and the posi-
tioning of the smartphone. These values are managed, by
utilizing crowdsourcing techniques in such a way that the
effect on the system’s outcomes from these variables is
reduced.

Table 3 compares the techniques utilized in this system to
those used in existing similar systems. Based on the advan-
tages and limitations of prior studies mentioned in Table 3, it
can be concluded that the proposed techniques in this paper
are more suitable for crowdsourcing compared to the previ-
ous approaches.

4 Experiments

To evaluate the developed system, a set of field tests were
carried out. Field tests were arranged to analyze the effects
of the variations in passenger car type, road condition,
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Start

—»| Get the next point

Return Road

Changed state

Is the road

different
from old

segment?

Return True state

New
segment
length =
500m?

No —| Return False state

Check if the ending coordinates of old
and new segments lie within a given

distance

Fig.8 The flowchart of the second algorithm to confirm that the new segment overlaps with the old segment

Table2 The rogd quality alt-IRI Category

category according to the

alt-IRI <35 Very Good
35-45 Good
45-6 Fair
>6 Poor

smartphone model, and the position of the smartphone
inside the vehicle.

The car type, smartphone position, and smartphone
model are chosen since the degree of noises, such as engine

vibrations, can vary depending on these factors. The smart-
phone orientation can also change based on the position
of the smartphone. To analyze the impact of reorientation,
noise filtering and roughness prediction techniques used in
the proposed solution, experiments were carried under dif-
ferent controlled conditions.

In the first experiment, the data is collected on a selected
road segment while the conditional factors vary. The selected
segment is shown in Fig. 12. The vehicle type and smart-
phone placement are changed on each journey. Two journeys
were conducted for each combination of vehicle type and
smartphone placement. 3 vehicle types and 5 smartphone

@ Springer
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Fig. 11 Conceptual diagram of
the overall system

Moderator Variable

Smartphone Placement

placements were used and altogether 30 journeys were con-
ducted for the selected road segment. The specifications of
the selected vehicles are given in Table 4. In 10 journeys, the
data were collected from 2 smartphone model types under
identical conditions, i.e. in the same road segment, with the
same smartphone placement and vehicle type. A summary
of the experiment is given in Table 5.

The purpose of this experiment is to evaluate the sys-
tem performance under different data collection environ-
ments. When collecting data by crowdsourcing it is neces-
sary to ensure that the predicted values by the system are
not affected by different conditional factors. The system is
expected to provide similar roughness values under each dif-
ferent condition as the experiment is done on the same road
segment.

Additionally, to evaluate the system performance
under different road conditions, a set of roads under
poor, fair, good and very good conditions were
selected based on the visual inspection of experts.
Then the alt-IRI values are predicted for each road
segment using the developed system and subsequently,
they are classified into the 4 classes based on the pre-
dicted value. The goal of this experiment is to evaluate
the performance under different road conditions (very
good, good, fair, poor) while the conditional factors
are not controlled. Here the system is expected to pre-
dict different roughness values according to the road
condition.

The results of these experiments are discussed in the
following section.

Independent Variable

Acceleration Values

Moderator Variable

Vehicle Type

Moderator Variable

Smartphone Type

Dependent Variable

IRI

5 Results and Discussion

The collected acceleration signals from each journey
in the first experiment are analyzed to identify how the
varying factors affect the collected data. Figure 13a and
13b show two example acceleration datasets collected
under different conditions in the same road segment.
Even though the raw acceleration signals demonstrate
significant differences, after applying reorientation and
noise filtering techniques the differences appear to be
negligible.

Table 6 presents the predicted alt-IRI for the selected
road segment. It appears that the predicted values do not
have a significant variance across varying conditions.
Therefore it can be concluded that passenger car type or
smartphone placement differences have not imposed a sig-
nificant effect on the final predictions albeit the differences
shown in raw acceleration signals.

Table 7 summarizes the final predicted alt-IRI from
the data collected from the two models Samsung SM-
M022G (Model 1) and Samsung SM-A920F (Model
2) under identical conditions. Values predicted by the
smartphone Model 2 seem to have slightly higher val-
ues compared to the values from Model 1 due to the
differences in the sensitivity of the sensors, but when
compared with all the predictions a significant variance
cannot be observed.

The results suggest that the proposed techniques have
successfully reduced the conditional effects. Removing
the constant noise has helped in minimizing the effect
of the car type and the smartphone type and applying
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Fig. 12 The selected road seg-
ment
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Table 4 The specifications of the selected vehicles
Passenger car brand Model Year
Toyota Axio 2018
Mercedes Benz C200 2019
Honda CRV 2019

the simple moving average filtering has minimized the
effects of hand movements and other high-frequency
noises. The effect of the placement of the smartphone is
reduced by applying the reorientation as it reorients the
smartphone coordinate system to the vehicle coordinate
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system regardless of the differences in the placement
inside the vehicle.

After applying the updating algorithm to the predicted
values for the segment in Fig. 12, an average value of
3.350 is achieved. Figure 14 demonstrates the value dis-
tribution, applied weights, and the removed values by the
algorithm. It is evident from the results that the possi-
ble anomalous predictions are removed by the updating
algorithm and a final averaged and more accurate value
is obtained.

One of the reasons for the observed slight differences
in the calculated values is that on different rides the vehi-
cle does not drive on the same line and different lines on
the same road may have slightly different roughnesses,
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Table5 A summary of the first

; Journey Vehicle Smartphone Model Position
experiment

1 Axio Samsung SM-M022G Near gearshift
2 C200 Samsung SM-M022G Near gearshift
3 CRV Samsung SM-M022G Near gearshift
4 Axio Samsung SM-M022G On hand
5 C200 Samsung SM-M022G On hand
6 CRV Samsung SM-M022G On hand
7 Axio Samsung SM-M022G On backseat
8 C200 Samsung SM-M022G On backseat
9 CRV Samsung SM-M022G, Samsung SM-A920F On backseat
10 Axio Samsung SM-M022G Inside pants pockets
11 C200 Samsung SM-M022G Inside pants pockets
12 CRV Samsung SM-M022G, Samsung SM-A920F Inside pants pockets
13 Axio Samsung SM-M022G Inside car door storage box
14 C200 Samsung SM-M022G Inside car door storage box
15 CRV Samsung SM-M022G, Samsung SM-A920F Inside car door storage box
16 Axio Samsung SM-M022G, Samsung SM-A920F Near gearshift
17 C200 Samsung SM-M022G Near gearshift
18 CRV Samsung SM-M022G Near gearshift
19 Axio Samsung SM-M022G On hand
20 C200 Samsung SM-M022G, Samsung SM-A920F On hand
21 CRV Samsung SM-M022G, Samsung SM-A920F On hand
22 Axio Samsung SM-M022G On backseat
23 C200 Samsung SM-M022G, Samsung SM-A920F On backseat
24 CRV Samsung SM-M022G On backseat
25 Axio Samsung SM-M022G, Samsung SM-A920F Inside pants pockets
26 C200 Samsung SM-M022G Inside pants pockets
27 CRV Samsung SM-M022G Inside pants pockets
28 Axio Samsung SM-M022G, Samsung SM-A920F Inside car door storage box
29 C200 Samsung SM-M022G, Samsung SM-A920F Inside car door storage box
30 CRV Samsung SM-M022G Inside car door storage box

but after averaging, the updated value is expected to con-
tain the most desirable value for the complete road seg-
ment. Another factor that affects the z-axis acceleration
is the vehicle speed [25]. Therefore the predicted alt-
IRI values are further analyzed with the average vehicle
speed to figure out if there is an influence of speed on
the predicted alt-IRI. The obtained results are shown in
Fig. 15. It can be observed that the two variables do not
demonstrate a significant correlation. It is expected, as
the average speed is one of the input features for the
machine learning model.

It can be observed that after applying the processing
techniques, and the machine learning model predicting
similar values for the segment when the segment changes
and the roughness level changes the system must be able

to predict different alt-IRI values and the corresponding
classes accordingly. The results obtained from the field
tests of evaluating the system on road segments with dif-
ferent roughness levels proved the capability of the system
as shown in Table 8. It can be observed that even after the
acceleration signals have gone through the processing steps,
the changes were captured and the machine learning model
predicted the alt-IRI values accordingly.

The results from this second experiment highlight the
advantage of using machine learning models to predict the
IRI values as it gives the ability to predict accurate val-
ues for a larger range of complex inputs. Furthermore, the
overall results prove that the segmentation algorithm accu-
rately segmentizes the routes, identifies the overlapping

@ Springer
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Fig. 13 Example acceleration signals collected from the first experi- processed acceleration signals collected from Samsung SM-M022G

ment (a) Raw and processed acceleration signals collected from placed on hand in C200
Samsung SM-MO022G placed near gearshift in C200, (b) Raw and

Table 6 The predicted alt-IRI

Vehicle  Near gearshift On hand Backseat Pocket Car door
for the selected road segment
Ist 2nd 1st 2nd 1st 2nd 1st 2nd Ist 2nd
C200 3.391 3367 3382 3192 3328 3348 3459 3.656 3258  3.229
Axio 3308 3.143 3319 3378 3423 3504 3.328 3284 3319 3319
CRV 3319 3273 3244 3290 3229 3319 3372 3328 3287 3.377

@ Springer
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Table 7 The predicted alt-IRI from the data collected from the two

smartphone models

Vehicle Position Predicted value
Model 1 Model 2

CRV On hand 3.290 3.319
CRV Pocket 3.372 3.551
CRV Door 3.287 3.448
CRV Backseat 3.229 3.323
Axio Gearshift 3.143 3.198
Axio Pocket 3.284 3.328
Axio Door 3.319 3.379
C200 On hand 3.192 3.342
C200 Door 3.258 3.405
C200 Backseat 3.348 3.326

segment and enables the updating algorithm to calculate
an averaged value.

The authors understand that the scope of the conducted
field tests is limited, but the results achieved from the tests
showed the proposed system’s capability to provide accurate
predictions of the road conditions by crowdsourcing. How-
ever, as the target vehicle class of the developed system is
passenger cars, the system is not trained or tested for other
vehicle classes. The predictions may show some deviations

from the actual value if data is collected using a different
vehicle class. Another major limitation in the proposed sys-
tem is that there is a significant error rate of 10m in smart-
phone GPS, but many functions in the proposed solution such
as the vehicle speed calculation and segmentation algorithm
depend on the GPS coordinates. Furthermore, the accuracy
of the segmentation algorithm depends on OpenStreetMap
accuracy. If there are any unidentified roads or incorrectly
named roads in OpenStreetMap, the route segmentation pro-
cess may also be affected.

6 Conclusions and Future Work

This study attempts to develop a crowdsourced road sur-
face quality monitoring application that requires minimum
user interactions and puts minimum constraints on the user
for collecting data, and which is also capable of reducing
the effects of different factors that can deviate the cal-
culated road roughness from the actual value. A set of
experiments was conducted to verify the system perfor-
mance under diverse conditions. The preliminary experi-
ment was carried out on a selected route, using multiple
car types, smartphone models, and different placements of
the smartphone inside the vehicle. The obtained raw accel-
eration signals from the experiment showed considerable
variations across conducted journeys, but after applying

Fig. 14 A visualization of the )
alt-IRI distribution, applied ® Removed Points °
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by the updating algorithm 364
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Fig. 15 The correlation between
the average speed on the pre- °
dicted alt-IRI
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signal processing steps the deviations were minimized.
Moreover, the developed machine learning model was able
to predict accurate roughness levels further dealing with
varying conditions. In the second experiment, the system
was tested on different road conditions. It is observed
that the system is capable of accurately determining the
road quality category. When more data is collected fre-
quently for the same road segment, it is observed that the
final value obtained from the updating algorithm tends

@ Springer

alt-IR|

to provide a more precise balanced value. Complexities
can arise when thousands of mobile phone users connect
to the system at the same time and a massive amount of
data is being collected every second. Many recent stud-
ies have proposed efficient and scalable solutions for big
data analysis and high-performance computing [10, 28].
As the proposed system is developed using the microser-
vices architecture [13] it is possible to enhance the system
performance by augmenting these techniques.
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Table 8 The results obtained from the second field test

Road Raw and processed acceleration Predicted Predicted
signals alt- class
IRI
Godakanda road, Karapitiya
(A 500m segment with a
severely potholed surface)
ot i,
®
10
. 9 6.372 Poor
D
2 < . b
Avissawella Road, Homagama
(A 500m segment with
surface stripping)
4.743 Fair
e SR e e
ottt
Sudarshi Pirivena Road, Akuressa ¢ W
(A 500m segment with i %4‘ W A
few cracks on the surface) [ Wy U
3.975 Good
B s
Colombo-Galle-Hambantota-Wellawaya Road
(A smooth 500m segment under very good % | I
condition) M"W IWMMMW
S0 3.143 Very
: S S R good
ﬁxsm‘:
con 3 [ VIS
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