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Abstract

The current limitation in maintenance budget and resources necessitates de-
veloping new cost-effective techniques for gravel roads management systems
(GRMS). Thus, the Wyoming Technology Transfer Center (WYT2) has started
developing a holistic automated GRMS. Utilizing smartphones in gravel roads
data collection is one of the main features in the proposed system. In this
study, smartphones were used to collect gravel roads condition data in terms
of International Roughness Index (IRI) and corrugation to develop an objec-
tive computational method to estimate the riding quality on gravel roads. The
developed method will help local agencies to reduce subjectivity in their data
collection process and support them with a solid computational justification
for their evaluation data and decisions. Two analyses have been carried out to
achieve the purpose of this study. Artificial Neural Network ANN method and
linear regression were used to develop the riding quality model. The linear
regression resulted in a model that has a 0.8242 coefficient of determination
(R?) value which means that the developed riding quality model can represent
82.42% of the collected data. The achieved R value is considered sufficient for
GRMS purposes. In addition, the developed ANN model has a prediction ac-
curacy of 92.5%. The achieved prediction accuracy shows that the ANN model
can predict the riding quality significantly better than the linear regression,
with 12.5% higher accuracy. Furthermore, thresholds for the gravel roads IRI
were suggested and introduced in this study to be the first IRI thresholds for
gravel roads in the literature. Based on the suggested threshold, the gravel
roads IRI has three classes: smooth, acceptable and rough. The gravel road
segment can be classified in terms of IRI to be smooth, acceptable, or rough if
its IRI value is less than 284, between 284 and 496, or more than 496 inch/mile,
respectively.
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1. Introduction

Road surfaces can be classified into two categories based on their surface nature:
paved and unpaved (gravel) roads. Gravel roads are unimproved roads with sur-
faces constructed from natural soil and stones [1]. Federal Highway Administra-
tion (FWHA) records show that the United States owns and maintains approxi-
mately 1,370,000 miles of unpaved roads, which form 35% of the total roads net-
work length. The records show that the total mileage of gravel roads in the United
States decreased in the last few decades. Figure 1 shows historical changes in
gravel roads total length in the U.S. [1].
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Figure 1. Historical changes in gravel roads total length in the U.S. in miles.

Gravel roads form about 90% of the local roads network in the state of Wyo-
ming. This percentage of gravel roads is considered significantly high. These gravel
roads serve various land use purposes. Gravel roads in Wyoming are located in
residential, agricultural, and industrial areas. This variety in land use results in
considerable differences in traffic loads. Heavy traffic loads lead to higher deteri-
oration rates and reduce the service life of gravel roads. Therefore, developing an
advanced and integrated Gravel Roads Management System (GRMS) has become
a necessary need. Gravel roads, like most local roads, are usually managed by local
agencies. Most of the time, the local agencies have good experience in mainte-
nance procedures, but not in roads management. Because of that, any work in
developing a GRMS should consider local agencies’ needs.

Wyoming Technology Transfer Center (WYT2/LTAP) has recently started a
process to develop a new gravel roads management system (GRMS). This new in-
progress GRMS aims to help local agencies in managing their gravel roads in a

simple and cost-effective way [2]. Data collection and building the database are
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the most challenging parts when developing gravel road management systems [3].
Therefore, the WYT2/LTAP is in process of introducing a holistic gravel roads
data collection approach using smartphone applications and sensors [2]. How-
ever, one of the most used terms in gravel roads condition assessment is the Riding
Quality Rating Guide (RQRG). Using a single term to demonstrate the overall gravel
road condition reduces the data collection cost and time, and it helps in managing
roads with limited resources [3]. RQRG is a subjective method to evaluate the
gravel roads condition by determining the riding quality level. Many agencies have
developed their own riding quality manuals to guide their inspector in evaluating
the gravel roads. Since RQRG is a subjective method, the results still depend on
the inspector’s personal judgment.

In this study, an objective method to determine the RQRG is introduced. The
RQRG is similar to the Present Serviceability Rating (PSR) on paved roads since
in both rating systems the evaluation is based on road users’ judgment and com-
fort. Thus, two factors are expected to have the strongest effect on riding quality:
road roughness and surface corrugation. Modern smartphones’ accelerometers
and cameras were utilized in collecting gravel road roughness and corrugation
data for the purpose of this study. The data in this study were collected using an
Android mobile application called “Roadroid”. This android application collects
the roughness data by utilizing the mobile built-in accelerometer, while the cor-
rugation data is collected by capturing photos using the mobile camera and clas-
sifying them using a sophisticated image classifier on the “Roadroid” cloud. The
introduced method aims to provide pavement inspectors and evaluators with a
unique method to determine riding quality. Utilizing such a method will eliminate
biases due to the evaluator’s judgment on the riding quality rating, resulting in the
riding quality data being more consistent when used for planning and prioritiza-
tion of gravel roads maintenance. In addition, local agencies will have a solid jus-

tification for their riding quality data.

2. Background

Gravel roads condition evaluation methods are mainly categorized into two groups:
objective evaluation for each distress, and subjective evaluation for the riding
quality. Many agencies developed their own techniques to evaluate gravel roads
conditions by assessing existing distresses individually [4]. One of the earliest
manuals is the U.S. Army Corps of Engineers assessment system (USACE). The
USACE procedure has an index called Unsurfaced Road Condition Index (URCI).
This index value depends on the existing distress severity level and area. The dis-
tress severity level and area is used to calculate a deduct value. After that, all the
calculated deduct values are used in calculating an overall URCI for the gravel
road segment [4]-[6].

There are more recent studies involving systems for evaluating gravel road
quality. In 2012, Bhoraskar et al carried out a study to introduce a Gravel Road

Condition Index (UPCI) based on existing surface distresses [7]. In addition, the
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World Bank has developed several procedures to evaluate gravel road conditions
such as the Roads Economics Decision Model and the Deterioration of Unpaved
Roads Model (DETOUR) [8]. The DETOUR model predicts the gravel road seg-
ment condition based on the environmental condition, road geometry and the
gravel road structural characteristics [1] [8]. In another study, the University of
New Hampshire and FHWA developed the Road Surface Management System
(RSMS). RSMS evaluates gravel roads based on the existing distresses. The main
feature of the RSMS is that the inspector evaluates the gravel road segment directly
without assigning a score for each distress [9]. CSIR Transportek has also devel-
oped a Standard Visual Assessment Manual (SVAM) for unpaved roads. The
SVAM has three categories for roads data. The first category is the basic data for
road management and includes data about the existing distresses and their sever-
ity. The second category provides information about the extent of the existing dis-
tresses. The distresses extension is estimated by calculating the ratio between the
distress area and the total road segment area. The third category is the advanced
level data which includes the layers’ thicknesses, material characteristics of the
gravel layer, and geometric features of the road [10]. Another rating system called
the Subjective Rating System (SRS) has been developed by Central Federal Lands
Highway Division. This Subjective Rating System evaluates gravel road conditions
by considering five distresses and assigning a condition rate for each segment. The
condition rating is based on a scale from 0 to 10, where 10 is the best condition
and 0 is the worst [11]. However, most manuals evaluate gravel road distresses
individually and very few provide an overall rating for road segments and mostly
those manuals are complicated and require a massive number of resources. This
complicity in the available methods and manuals make it difficult for local agen-
cies for adapt and use them. Gravel roads are usually managed by local agencies
with limited resource and fund. In addition, location agencies are good in mainte-
nance work than management and evaluation. Usually, the overall assessment for
gravel roads is a subjective rating determined by evaluating the riding quality.
Riding quality is a very popular indicator for gravel road conditions since most
pavement distortion and distresses, including cracking, unevenness, corrugation,
potholes, and rutting, affect the riding quality directly. However, this study con-
sidered only the gravel roads roughness and corrugation in order to predict and
estimate the riding quality. This decision was made based on the previous experi-
ence with gravel roads. Generally, the most common distortion in gravel roads are
the corrugation. In addition, the roughness is considered since it is the most dis-
tortion related to riding quality. The formation of distresses on gravel roads over
time increase the road segment roughness, which leads to reduced driving quality.
As aresult, the road service life is decreased [12]. Road roughness and riding qual-
ity have a direct impact on vehicle operating costs (VOCs) since the rough surface
of the road generates vibrations that transfer through the suspension and tires to
the vehicle body [13]. The generated vibrations cause damage to vehicle parts and

significantly increase overall fuel consumption [13] [14]. Recently, many road man-
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agement agencies have developed their own gravel roads visual assessment manuals,
such as the manual developed by the South African Council for Scientific and In-
dustrial Research (CSIR) and the PASER manual, which was developed the by
Wisconsin Department of Transportation. Even though the PASER rating system
is the most used method in evaluating gravel roads in the U.S., its short scale neg-
atively affects the road inspector’s judgment. Usually, collecting evaluation data
utilizing a short scale results in two types of errors: errors of leniency, and central
tendency [1]. Therefore, the WYT2/LTAP modified and expanded the PASER sys-
tem to a new rating system called Riding Quality Rating Guide (RQRG) that uses
a scale range from 1 to 10. The rating range expansion aims to enhance evaluation
data by increasing the predicted accuracy and liming the error sources. In addi-
tion, the RQRG demonstrates the road user’s satisfaction in terms of their riding
comfort over a gravel road segment [15] [16]. As a result, the RQRG is highly
affected by road surface distortions such as corrugation, unevenness and potholes.
In the RQRG rating system 10 represents the best condition and 1 represents the
worst. Table 1 shows the Riding Quality Rating Guide summary [15] [17].

Table 1. Riding quality rating guide summary [16].

Rating Description
10 Excellent Riding quality similar to riding on a good paved road.

9 VeryGood  Riding quality similar to a worn paved road.

8 Good Minor roughness and unevenness.
7 Good Significant roughness and unevenness.
6  Fair Several types of surface distresses and significant roughness.

5 Pai Severe roughness leading the driver to significantly reduce vehicle
air

speed.
4  Poor Very severe roughness and possibility for vehicle damage.
High possibility for vehicle damage. Difficulties in controlling the
3  Poor .
vehicle.
Difficulties in controlling the vehicle. Passenger vehicles at high risk
2 Very Poor .
of damaged undercarriage parts.
| Failed Difficulties in controlling the vehicle. Passenger vehicles at high risk
aile

of losing the ability to move.

Evaluating gravel road roughness and determining the effects of road irregular-
ities on vehicles can be carried out using several procedures [18]. In such proce-
dures, the surface roughness defined as a kind of pavement distortion occurs in a
perpendicular direction to the pavement surface plane. Roughness could be de-
termined by several methods such as International Roughness Index (IRI) or Un-
evenness Index (UTI). Most of the modern procedures evaluate roughness in terms
of International Roughness Index (IRI) [19]. In the last few decades, many re-
search institutes have worked to develop advanced equipment to measure IRI. Cy-

bernetics Corporation developed a tool called the Longitudinal Profiling System
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to measure road roughness by utilizing an infrared laser and accelerometer. The
Longitudinal Profiling System measures the roughness in terms of IRI under the
wheel path [20]. Another tool called Opti-Grade was developed to collect gravel
road roughness data by the Forest Engineering Research Institute of Canada
(FERIC). The Opti-Grade includes three components; an accelerometer, a GPS,
and a data processing system. Opti-Grade has been tested on a small network, and
its capability to collect data from large gravel road networks such as county road
has not been verified yet [21]. Zhang and Elaksher introduced another approach
to utilize unmanned aerial vehicles (UAV) in recognizing surface defects. This
method is able to identify the density and severity of surface defects by analyzing
a three dimensional model of the gravel road surface using image algorithms [19]
[22]. In another study conducted by Alhasan et al, gravel roads roughness was
calculated using a laser scanner. Such laser scanners are typically employed to
generate three dimensional maps for the road surface. Afterward, statistical anal-
ysis was utilized to predict the IRI [23] [24].

Despite of these advances, there is still a lack in developing an objective method
to determine the riding quality on gravel roads. Most of the available objective
methods are impractical and can be helpful only in research [25]. In addition, the
available objective methods require a significant amount of resources, which lead
them to be too expensive. Moreover, the measurements of these methods have a
certain level of subjectivity, especially in collecting distresses data. Therefore,
many agencies still prefer to use visual inspections [26]. Thus, utilizing smartphones
features and capabilities attracted researchers in the gravel roads field. Employing
smartphones in the gravel roads data collection process is a very promising prac-
tical and cost-effective method.

Utilization of smartphones in gravel roads data collection is still limited. Most of
the previous research was carried out on paved roads. The dynamic nature of gravel
roads make them considerably different from paved roads. However, smartphone
accelerometers can be used to detect vehicle vibrations caused by road roughness
[27] [28]. Another smartphone feature is the ability to use the built-in GPS to auto-
matically referencing the evaluated segments [29] [30]. In 2017, Harikrishnan and
Gopi utilized the threshold technique with the Gaussian model to recognize and
evaluate pavement potholes and bumps. Vehicle vibrations were measured using
a smartphone’s built-in accelerometer. Then, an advanced filter was used to min-
imize the abnormal data points. The overall accuracy of this model reached 90%
[31]. In another study, a modern mobile application called “Smart-Patrolling” was
developed to collect road surface data in terms of potholes and bumps. The
smartphone was fixed in different locations inside the vehicle to study the effect
of the smartphone’s placement on the collected data. The application showed an
accuracy level of 89% [32]. Another mobile application, “Road Data Collector,”
was developed in 2017 by Allouch ef al. in order to employ machine learning con-
cepts in road data collection. The built-in mobile accelerometer and gyroscope

were used for the pothole data collection process. Several machine learning meth-
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ods were applied in this study such as Decision Tree and Naive Bayes [33]. More
recently, a crown sensing-based system was built to be utilized in road surface data
collection using smartphones. The mobile accelerometer and GPS were utilized to
collect spatial data of the road surface. The results of this study showed that the
crown sensed data can be efficient in road surface evaluation [34].

In conclusion, current efforts to automate the data collection of gravel roads is
still impractical and needs more development to be a convenient resource for
gravel road agencies. In addition, there is a need to have an objective method to
determine the riding quality of gravel roads. Therefore, this study is introducing
a new computational method to determine the riding quality of gravel roads in
consideration of the capabilities and resources of local agencies. The proposed
method is a cost-effective approach and can deal with the dynamic nature of gravel

road conditions.

3. Methodology

In this study, an Android application called “Roadroid” was utilized to collect
gravel road data. The application collected IRI and corrugation data. In addition,
the gravel road rating system (GRRS) was used to determine the riding quality for
the tested gravel road segments. Later on, the collected data was statistically ana-
lyzed to develop a computational formula for the riding quality. Afterward, IRI
classification limits were introduced. Four hundred and twenty-eight gravel road
segments were evaluated in Laramie County, Wyoming for the purpose of this

study.

3.1. Data Collection

3.1.1. Smartphone Data Collection

A Samsung S IV smartphone was used to collect the corrugation and roughness
data from the test gravel road sections. The mobile device was fixed on the front
dashboard using a mobile rack. The smartphone location was chosen to be on the
vehicle’s front dashboard to limit the generated dust from distorting the captured
photos. Figure 2 shows the mobile setup during the data collection process.

Figure 2. Mobile setup during the data collection.
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3.1.2. Corrugation Data Collection

Corrugation can be defined as frequent ripples and grooves form I dry gravel or
soil surface as a result from repeated traffic loading. Evaluation of the gravel road
corrugation data using the Roadroid application was implemented through a few
steps. The process of corrugation rating has been carried out using a developed
sophisticated image classifier developed by WYT2 [35]-[37]. First, images of the
gravel roads were captured using the mobile camera and the Roadroid mobile ap-
plication, which was connected to the smartphone’s built-in-GPS so that the loca-
tion of the tested gravel road segments was automatically determined and refer-
enced. Then, the images were uploaded to the Roadroid cloud portal. After that,
the analysis was performed and the results were reported. Figure 3 represents a
flow chart diagram for the corrugation data collection and analysis procedure us-
ing the Roadroid [37] [38]. However, The Roadroid system follows the PASER
rating system for the gravel roads, which is on a scale of 1 - 5. In the PASER rating
system 5 is the best and 1 is the worst condition. Table 2 represents the detailed

PASER rating for corrugation [39].

Capture Images from the Gravel
Roads

h 4

Upload Images to the Roadroid
Cloud

C Report the Results %

Figure 3. Flowchart for corrugation data collection using roadroid.

-

v
Analyze the Images

Identify the Corrugation
Severity and Rating

Table 2. PASER rating for corrugation.

Surface Rating ~ Surface Description Comments
5 Excellent Excellent Surface, free of corrugation
4 Good Slight corrugation
3 Fair Moderate corrugation (1 - 2 in deep)
2 Poor Moderate corrugation (more than 3 in deep)
1 Failed Severe corrugation

3.1.3. Roughness Data Collection

The roughness data was collected using Roadroid. The Roadroid system collects
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the corrugation data by utilizing the smartphone accelerometer. Roadroid is a re-
sponse type survey system. It is according to the world banks Information Quality
Level 3 (IQL3). A laser survey vehicle is IQL1. IQL3 gives about 80% accuracy in
comparison to IQL1. In this method the IRI is estimated by the peak and root mean
square vibration analysis. The vibration data was collected using the smartphone,
and then a few algorithms are utilized to reflect the vibration data into IRI values.
The algorithms were developed based on a car by vibration range between 100 and
200 Hz.

3.1.4. Riding Quality Data Collection

The Gravel Road Rating System (GRRS) manual was used to assign a riding qual-
ity rate for each gravel road segment in this study. The implemented rating fol-
lowed the guidance presented in Table 1. A 4WD Chevrolet Suburban SUV was
used to collect the data. This car was chosen because its class is the most used car
class in Wyoming. Even though the driving speed was not constant during the
data collection, the driver did not exceed any speed limits. The data of this study

was collected in the summer of 2020.

3.2. Data Analysis

A statistical descriptive analysis was carried out firstly to get better understanding
about the collected data and the condition of the test segments. The corrugation
data showed that 61.7% of the segments are in good or better condition and 9.1%
of the segment are in poor or very poor condition. Table 3 shows the descriptive
analysis for the corrugation data. Table 3 and Figure 4(a) show a detailed descrip-
tive analysis for the corrugation data. In addition, the riding quality assessment
showed that 75.23% of the segments are in good or better condition while only
4.91% are in poor or worse condition. Table 4 and Figure 4(b) represent the de-
tailed description analysis.

Very
Poor Very Very Poor _ |
Poor 3% good 1% Failed
(1] 0,
6% 3% FEer % Excellent
‘ 3% 2%
- ‘ Very
Good
26%
(a) Corrugation Data (b) Riding Quality Data
Figure 4. Descriptive analysis for the corrugation and riding quality data.
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Table 3. Corrugation descriptive analysis.

Very Good Good Fair Poor Very Poor
No. of Segments 14 250 125 25 14
% of Segments 3.27 58.41 29.21 5.84 3.27

Table 4. Descriptive analysis for the riding quality data.

Excellent Very Good Good Fair Poor  Very Poor Failed
No. of Segments 10 109 203 85 11 4 6
% of Segments 2.34 25.47 47.43 19.86 2.57 0.93 1.40

Table 3 shows that only 9% of the tested sections were in poor or very poor
condition in terms of corrugation. However, having 39 sections in those 2 catego-
ries is enough statistically for data analysis and inference purposes. The relation-
ship between the corrugation and IRI data and the riding quality was investigated.
Figure 5 shows the scatter plots among the variables between considered varia-
bles.
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Figure 5. Correlation plots.

In order to develop a computational method predicting the riding quality on
gravel roads based on IRI and corrugation conditions, the correlation between the
riding quality, IRI, and corrugation was determined using Pearson correlation. A
correlation matrix was generated to investigate the significance of the explanatory
variable on the model response. This statistical correlation generally measures the
dependency between two variables. The correlation matrix as shown in Table 5
demonstrates that there is a high correlation between riding quality and IRI, with
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a correlation value of 0.878. In addition, there is a significant correlation between
riding quality and corrugation with a correlation coefficient of 0.810. Also, the
correlation between the explanatory variables was computed and found to be -
0.885. Based on statistical limitation, the corrugation and IRI are correlated and
the model should have one of them only. The IRI will be kept in the model since
its correlation with the ride quality is higher than the corrugation. Based on the
scatterplot comparing the IRI data to the riding quality, as shown in Figure 5, the
IRI data was transformed to Ln (IRI).

Table 5. Correlation matrix.

IRI Corrugation Ride quality

IRI 1.0000000 —0.8850096 —-0.8779941
Corrugation —-0.8850096 1.0000000 0.8099385
Ride quality -0.8779941 0.8099385 1.0000000

Linear regression was utilized in this study to develop a computational method
of the riding quality based on the IRI condition. Equation (1) represents the de-
veloped model. The coefficient of determination (R?) for the developed model is
0.8242, which means that the developed model explains 82.22% of the riding qual-

ity observations.
ERQR = 27.340—-3.600Ln (IRI) (1)

where: ERQR is Expected Rating Quality. IRI is in inch/mile.

The statistical summary for the developed model is shown in Table 6 which
shows that the independent variable is significant. In addition, a residual analysis
was carried out to check the model appropriateness. Figure 6 represents the re-
sidual plot for the developed model. The residual scatter plot as shown in Figure
6 does not have a pattern and the residual points are randomly distributed, which
means that the developed model represents the data properly. In addition, Q-Q
plot was generated and is shown in Figure 7. Basically, Q-Q plot is utilized to
evaluate the residuals and to check their distribution. Based on the standardized
residual distribution in Figure 7, the residual is normally distributed. The existing

residual distribution pattern means that the tested data is to peak in the middle.

Table 6. Statistical summary of the model development.

a F-Coefficients

Estimate  Std. Error t value Two Tailed P-value
Intercept 27.340 0.467 58.56 <2 (10 - 16)
Ln (IRI) -3.600 0.0811 —44.38 <2 (10 - 16)
b Residuals
Min 1#Q Median 34 Q Max
—4.7947 -0.2568 0.0612 0.3898 2.9214
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Figure 6. Residual plot for the riding quality model.
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Figure 7. Q-Q plot.

4. ANN Model Development

ANN architecture is one of the most important steps in developing sufficient ANN
model. Thus, a massive effort has been spent to determine the suitable architecture.
Essentially, developing ANN model includes three main components: the architec-
ture that define the connection between input and output layers, the learning
method, and the neuron activation function. The ANN model architecture that
used in this study consists of three layers: input layer, hidden layer, and output
layer as shown in Figure 8. Extensive literature review and many trails were carried
out to determine the optimum neurons number. For the purpose of this study, 10
neurons was found to be the optimum neuron number to achieve the highest ac-

curacy without making the models complicated and time consumers.

Hidden Output
i ’E Output
1
1
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After determining the ANN architecture, MATLAB software was used to ana-
lyze the data and develop the prediction models. The available data was randomly
divided into two groups: 70% of the data was used to train and develop the model,
and the remaining 30% was used for testing and validating the model. The valida-
tion and testing set was used to evaluate the models accuracy and reduce the model
overfitting. A two-layer feed-forward network trained with Levenberg-Marquardt
was utilized in the training process to maximize the models prediction ability by
adjusting the connection weights between the layers. Generally, the ANN learning
methods are classified into supervised and unsupervised methods. The supervised
learning methods depends on the available data to develop inferences about the
relations between the input and output variables [40]. The calculated error be-
tween the predicted output and the measured values are used to conduct adjust-
ments on the connection weights between the model inputs and outputs. On the
other hand, in the unsupervised learning process, the connection weight is ad-
justed based on stimuli inputs with no desired output provided in order to cluster
the input values to similar features [38].

The Levenberg-Marquardt (LM) training method is considered one of the most
popular techniques for employing the feed-forward neural networks because of its
superior efficiency in enhancing the training precision. This method has been
tested on various function approximation problems, and was compared with a
conjugate gradient algorithm [34]. Basically, this method consider the neuron as
the process basic element. The neuron assumed to have a bias “b” related to the

«_ . »

input “n” and input weight “w”. The bias can be expressed by Equation (2).

a:ZTzlepj+b:Wp+b (2)

Newton’s method was the base point in developing the Levenberg-Marquardt
method, that give the advantage of reducing the nonlinear function sum of squares.
This reduction was achieved by optimizing a performance index called F. The
complexity in understanding the relationships between variables cause that the
ANN models still known as “black box” technique, this complexity increase the
difficulties in developing and making inferences about the effect of the individual
independent variables on the response variable [15] [39]. This difficulty is consid-
ered as a disadvantage in the ANN method comparing to traditional statistical
methods. Combination between both ANN and traditional statistical modelling
methods, such as linear regression in this study, can limit the weakness and pro-
duce a significantly accurate model with proper understanding about the relation-
ships between the considered variables.

The developed ANN model shows a significant high capability in predicting the
riding quality on gravel roads based on the IRI condition. The developed ANN
prediction model performance were compared to the developed linear regression
model. Coefficient of determination (R*) was used to compare the accuracy
among the two methods. The overall R* for the developed ANN model is 92.5%;
while the R? reached 95% during the testing phase. Comparing the R2 of the two
developed model shows that adapting the ANN method resulted in a model with
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12.5% enhancement in the prediction accuracy. Figure 9 and Figure 10 represent

the function fit and model performance, respectively.
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5. Developing IRI Thresholds for Gravel Roads

Classifying the IRI into multiple categorical groups can significantly enhance the
gravel roads maintenance budgeting and planning process. Even though many
road authorities have developed their own IRI thresholds for paved roads, there is
no suggested IRI threshold for gravel roads in the literature. Gillespie and Pater-
son described the roughness of different types of roads in terms of IRI and defined
IRI ranges for each road type. They stated that usually the rough unpaved roads
IRI range is between 507 and 1267 in/mile [33]. Figure 11 represents the expected
IRI ranges in Gillespie and Paterson study [38]. The developed riding quality
model, shown in Equation (1), was used to suggest and choose the gravel road IRI
thresholds. This study suggests that the IRI could be classified into 3 categories;
smooth, acceptable, and rough. In order to suggest a reasonable threshold for IRI
on gravel roads the developed linear regression was employed. The linear regres-
sion was used to develop an IRI prediction model based on the ride quality. In
order to determine the smooth category threshold, the IRI value was calculated
using Equation (1) and substituting the ride quality with 7. The substituted valued
was 7 for the riding quality since it is the minimum value to have good or better
rating as shown in Table 1. This means the study assumed that to have a smooth
IRI level, a gravel road should have good ratings in riding quality and corrugation.
In the same way, the ride quality was substituted by 5, to determine the IRI thresh-
old for the acceptable category. The substituted value was 5 for the riding quality
since it is the minimum value to have fair or better rating as shown in Table 1.
The gravel road section condition will be classified as a poor section in term of
roughness when it has riding quality of less than 5. Table 7 represents the sug-

gested IRI threshold for gravel roads.

IRI (mm/m)

20

18

16

14

12

10

Unpaved or rough roads

' Maintained
2 unpaved roads

0

0 = Perfect

Figure 11. IRI ranges (A world Bank Publication 1990).
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Table 7. Gravel roads IRI thresholds.

Condition Category IRI Threshold (inch/mile)
Smooth <284
Acceptable 284 - 496
Poor >496

6. Conclusion

The WYT2 center is in the process of developing a holistic GRMS. One part of the
proposed GRMS is developing an integrated fully automated data collection tech-
nique. Riding quality is one of the most used terms in GRMS decision-making.
Thus, the main goal of this study was to develop a computational method for the
riding quality of gravel roads by utilizing a smartphone data collection technique.
The developed method can limit subjectivity in the riding quality rating. In addi-
tion, this computational method will support local agencies in justifying their
gravel road assessment findings. Utilizing smartphones to collect data made the
developed computational method practical and cost-effective. In order to develop
the computational model for the riding quality, 428 gravel road segments were
evaluated and tested. The evaluation results showed that in terms of corrugation,
61.7% of the segments are in good or better condition and 9.1% of the segments
are in poor or very poor condition. In addition, the riding quality assessment
showed that 75.23% of the segment are in good or better condition and only 4.91%
are in poor or worse condition. In conclusion, the developed riding quality model
is statistically significant and has the ability to estimate the riding quality using
corrugation and roughness data. The coefficient of determination of the devel-
oped model is about 82% which is sufficient for the GRMS purposes. Furthermore,
thresholds for gravel roads IRI were developed and suggested in this study. There
are no such ranges for gravel roads IRI in the literature. The introduced thresholds
consider that a gravel road is smooth in terms of IRI if it is less than 295 in/mile,
and acceptable if the IRI is between 295 and 509 in/mile, while the road is consid-

ered in rough condition if the IRI is more than 509 in/mile.

7. Recommendations

Based on the statistical analysis and results of this study, it is recommended that
local agencies implement the developed riding quality model in their gravel roads
management systems. In addition, further research efforts should be invested to
enhance the developed thresholds for the gravel roads IRI by increasing the num-
ber of classes and utilizing advanced mathematical methods such as Tylor’s series

and Fourier’s Series to determine the threshold values.

Acknowledgements

The authors would like to gratefully thank the Mountain Plains Consortium
(MPC) for supporting this study. In addition, the author would like to acknowledge

DOI: 10.4236/0jce.2024.144038

716 Open Journal of Civil Engineering


https://doi.org/10.4236/ojce.2024.144038

0. Abu Daoud et al.

the contribution of Mr. Lars Froslof, the Roadroid CEO and Founder, in this
study.

Conflicts of Interest

The authors declare no conflicts of interest regarding the publication of this paper.

References

(1]

(2]

(3]

(6]

(7]

(8]

(9]

(10]

(11]

(12]

Aleadelat, W., Wright, C.H.G. and Ksaibati, K. (2018) Estimation of Gravel Roads
Ride Quality through an Android-Based Smartphone. Transportation Research Rec-
ord: Journal of the Transportation Research Board, 2672, 14-21.
https://doi.org/10.1177/0361198118758693

Alhasan, A., White, D.]J. and De Brabanter, K. (2015) Quantifying Roughness of Un-
paved Roads by Terrestrial Laser Scanning. Transportation Research Record: Journal
of the Transportation Research Board, 2523, 105-114.
https://doi.org/10.3141/2523-12

Allouch, A., Koubaa, A., Abbes, T. and Ammar, A. (2017) RoadSense: Smartphone
Application to Estimate Road Conditions Using Accelerometer and Gyroscope. /[EEE
Sensors Journal, 17, 4231-4238. https://doi.org/10.1109/jsen.2017.2702739

Astarita, V., Caruso, M. V., Danieli, G., Festa, D.C., Giofre, V.P., Iuele, T., et al. (2012)
A Mobile Application for Road Surface Quality Control: Uniqualroad. Procedia—
Social and Behavioral Sciences, 54, 1135-1144.
https://doi.org/10.1016/j.sbspro.2012.09.828

A World Bank Publication (1990) Road Deterioration and Maintenance Effects. The
Highway Design and Maintenance Standards Series.

Ram, B.M.,, Sindu, C.L. and Srinivasa, K.R. (2018) Roughness Evaluation of Flexible
Pavements Using Merlin and Total Station Equipment. /-Manager's Journal on Civil
Engineering, 8, 41-46. https://doi.org/10.26634/jce.8.1.14012

Bhoraskar, R., Vankadhara, N., Raman, B. and Kulkarni, P. (2012) Wolverine: Traffic
and Road Condition Estimation Using Smartphone Sensors. 2012 Fourth Interna-
tional Conference on Communication Systems and Networks (COMSNETS 2012),

Bangalore, 3-7 January 2012, 1-6. https://doi.org/10.1109/comsnets.2012.6151382

Burger, A.F., Henderson, M. and Van Rooyen, G.C. (2007) Development of Schedul-
ing Algorithms for Routine Maintenance of Unsealed Roads in Western Cape Prov-

ince, South Africa. Transportation Research Record: Journal of the Transportation
Research Board, 1989, 240-249. https://doi.org/10.3141/1989-28

Ceylan, H., Gopalakrishnan, K. and Guclu, A. (2007) Advanced Approaches to Char-
acterizing Nonlinear Pavement System Responses. Transportation Research Record:
Journal of the Transportation Research Board, 2005, 86-94.
https://doi.org/10.3141/2005-10

Chamorro, A., de Solminihac, H., Salgado, M. and Barrera, E. (2009) Development
and Validation of a Method to Evaluate Unpaved Road Condition with Objective
Distress Measures. Transportation Research Record. Journal of the Transportation
Research Board, 2101, 3-9. https://doi.org/10.3141/2101-01

Chen, R. and Guinness, R. (2014) Geospatial Computing in Mobile Devices. Artech
House, 1-8.

Das, T., Mohan, P., Padmanabhan, V.N., Ramjee, R. and Sharma, A. (2010) PRISM:
Platform for Remote Sensing Using Smartphones. Proceedings of the 8th International
Conference on Mobile Systems, Applications, and Services, San Francisco, 15-18 June

DOI: 10.4236/0jce.2024.144038

717 Open Journal of Civil Engineering


https://doi.org/10.4236/ojce.2024.144038
https://doi.org/10.1177/0361198118758693
https://doi.org/10.3141/2523-12
https://doi.org/10.1109/jsen.2017.2702739
https://doi.org/10.1016/j.sbspro.2012.09.828
https://doi.org/10.26634/jce.8.1.14012
https://doi.org/10.1109/comsnets.2012.6151382
https://doi.org/10.3141/1989-28
https://doi.org/10.3141/2005-10
https://doi.org/10.3141/2101-01

O. Abu Daoud et al.

(13]

(14]

(15]

(16]

(17]

(18]

(19]

(20]

(21]

(22]

(23]

(24]

(25]

[26]

(27]

2010, 63-76. https://doi.org/10.1145/1814433.1814442

Douangphachanh, V. and Oneyama, H. (2013) A Study on the Use of Smartphones
for Road Roughness Condition Estimation. Journal of the Eastern Asia Society for
Transportation Studies, 10, 1551-1564.

Eaton, R.A. and Beaucham, R.E. (1992) Unsurfaced Road Maintenance Management.
CRREL Special Report 92-26. Cold Regions Research and Engineering Laboratory,
U.S. Army Corps of Engineers.

Federal Highway Administration (FHWA) (2004) Transportation Applications of
Recycled Concrete Aggregate.

Harikrishnan, P.M. and Gopi, V.P. (2017) Vehicle Vibration Signal Processing for
Road Surface Monitoring. /JEEE Sensors Journal, 17, 5192-5197.
https://doi.org/10.1109/jsen.2017.2719865

Hossain, M.I. and Tutumluer, E. (2019) Methodology for Evaluation of Seal-Coated,
Gravel and Dirt Roads. Research Report No. FHWA-ICT-19-008. A Report of the
Findings of ICT PROJECT R27-174 Methodology for Evaluation of Seal-Coated,
Gravel, and Dirt Roads. Civil Engineering Studies Illinois Center for Transportation
Series No. 19-009.

Huntington, G. and Ksaibati, K. (2011) Management of Unsealed Gravel Roads.
Transportation Research Record: Journal of the Transportation Research Board, 2232,
1-9. https://doi.org/10.3141/2232-01

Huntington, G. and Ksaibati, K. (2015) Visual Assessment System for Rating Un-
sealed Roads. Transportation Research Record- Journal of the Transportation Re-
search Board, 2474, 116-122. https://doi.org/10.3141/2474-14

Goodspeed, C.H., Schmeckpeper, E.R. and Lemieux, R.L. (1994) Road Surface Man-
agement System. 3rd International Conference on Managing Pavements, Washing-
ton DC, 8 January 2010, 101.

Huntington, G. and Ksaibati, K. (2011) Gravel Roads Management. Report prepared
for the Wyoming Department of Transportation and the Mountain-Plains Consorti-
um, Wyoming Technology Transfer Center (T2/LTAP).

Jones, D, and Paige-Green, P. (2000) DRAFT TMH12 Pavement Management Sys-
tems: Standard Visual Assessment Manual for Unsealed Roads Version 1. Contract
Report CR2000/66.

Lima, L.C., Amorim, V.]J.P., Pereira, .M., Ribeiro, F.N. and Oliveira, R.A.R. (2016)
Using Crowdsourcing Techniques and Mobile Devices for Asphaltic Pavement Qual-
ity Recognition. 2016 VI Brazilian Symposium on Computing Systems Engineering
(SBESC), Jodo Pessoa, 1-4 November 2016, 144-149.
https://doi.org/10.1109/sbesc.2016.029

Li, M. and Wang, H. (2017) Development of ANN-GA Program for Back Calculation
of Pavement Moduli under FWD Testing with Viscoelastic and Nonlinear Parame-
ters. International Journal of Pavement Engineering, 20, 490-498.
https://doi.org/10.1080/10298436.2017.1309197

Singh, G., Bansal, D., Sofat, S. and Aggarwal, N. (2017) Smart Patrolling: An Efficient
Road Surface Monitoring Using Smartphone Sensors and Crowdsourcing. Pervasive
and Mobile Computing, 40, 71-88. https://doi.org/10.1016/j.pmcj.2017.06.002

Strazdins, G., Mednis, A., Kanonirs, G., Zviedris, R. and Selavo, L. (2011) Towards
Vehicular Sensor Networks with Android Smartphones for Road Surface Monitoring.

Proceeding of 2nd International Workshop on Networks of Cooperating Objects,
Washington DC, 8 January 2010, 120.

Surdahl, RW., Woll, ].H. and Marquez, R. (2005) Report: Road Stablizer Product

DOI: 10.4236/0jce.2024.144038

718 Open Journal of Civil Engineering


https://doi.org/10.4236/ojce.2024.144038
https://doi.org/10.1145/1814433.1814442
https://doi.org/10.1109/jsen.2017.2719865
https://doi.org/10.3141/2232-01
https://doi.org/10.3141/2474-14
https://doi.org/10.1109/sbesc.2016.029
https://doi.org/10.1080/10298436.2017.1309197
https://doi.org/10.1016/j.pmcj.2017.06.002

0. Abu Daoud et al.

(28]

(29]

(30]

(31]

(32]

(33]

(34]

(35]

(36]

(37]

(38]

(39]

(40]

Performance: Buenos Aires National Wildlife Refuge. United States. Federal Highway
Administration. Central Federal Lands Highway Division.

Steyn, W.]., Bean, W.L. and Monismith, C.L. (2008) The Potential Costs of Bad Roads
in South Africa. In: Ittmann, H., Havenga, ]. and de Swart, A., Eds., Fifth Annual State
of Logistics Survey for South Africa, CSIR, 49-52.

Transportation Information Center, University of Wisconsin-Madison (2002) Pave-
ment Surface Evaluation and Rating (PASER) Manual-Gravel Roads.

Varma, S. and Emin Kutay, M. (2015) Backcalculation of Viscoelastic and Nonlinear
Flexible Pavement Layer Properties from Falling Weight Deflections. International
Journal of Pavement Engineering, 17, 388-402.
https://doi.org/10.1080/10298436.2014.993196
Walker, D. (1989) Gravel PASER Manual: Pavement Surface Evaluation and Rating.

Wisconsin Transportation Information Center.

Steyn, W.J.V., Bean, W, King, D. and Komba, J. (2011) Evaluation of Selected Effects
of Pavement Riding Quality on Logistics Costs in South Africa. Transportation Re-
search Record. Journal of the Transportation Research Board, 2227, 138-145.
https://doi.org/10.3141/2227-15

Wyoming Technology Transfer Center/Local Technical Assistance Program (WYT2/
LTAP) (2014) Riding Quality Rating Guide.

Li, X. and Goldberg, D.W. (2018) Toward a Mobile Crowdsensing System for Road
Surface Assessment. Computers, Environment and Urban Systems, 69, 51-62.
https://doi.org/10.1016/j.compenvurbsys.2017.12.005

Zhang, C. and Elaksher, A. (2011) An Unmanned Aerial Vehicle-Based Imaging Sys-
tem for 3D Measurement of Unpaved Road Surface Distresses. Computer- Aided Civil

and Infrastructure Engineering, 27, 118-129.
https://doi.org/10.1111/j.1467-8667.2011.00727.x

Zhang, Z.L. (2014) Investigation of an Alternative Gravel Roads Rejuvenation Method.
Ph.D. Thesis, Iowa State University.

Abu Daoud, O., Albatayneh, O., Forslof, L. and Ksaibati, K. (2021) Validating the
Practicality of Utilising an Image Classifier Developed Using Tensorflow Framework
in Collecting Corrugation Data from Gravel Roads. International Journal of Pave-
ment Engineering, 23, 3797-3808. https://doi.org/10.1080/10298436.2021.1921773

Daoud, O.A. and Ksaibati, K. (2022) Artificial Neural Network-Based Roughness Pre-
diction Models for Gravel Roads Considering Land Use. Innovative Infrastructure
Solutions, 7, Article No. 231. https://doi.org/10.1007/s41062-022-00793-0

Abu Daoud, O. and Ksaibati, K. (2021) Studying the Effect of Gravel Roads Geomet-
ric Features on Corrugation Behavior. International Journal of Pavement Research
and Technology, 16, 44-52. https://doi.org/10.1007/s42947-021-00110-5

Al-Suleiman, T.I. and Daoud, O.A. (2021) Evaluation of Pavement Condition of the

Primary Roads in Jordan Using SHRP Procedure. Jordan Journal of Civil Engineer-
ing, 15, 305-317.

DOI: 10.4236/0jce.2024.144038

719 Open Journal of Civil Engineering


https://doi.org/10.4236/ojce.2024.144038
https://doi.org/10.1080/10298436.2014.993196
https://doi.org/10.3141/2227-15
https://doi.org/10.1016/j.compenvurbsys.2017.12.005
https://doi.org/10.1111/j.1467-8667.2011.00727.x
https://doi.org/10.1080/10298436.2021.1921773
https://doi.org/10.1007/s41062-022-00793-0
https://doi.org/10.1007/s42947-021-00110-5

	An Objective Method for Gravel Roads Riding Quality Utilizing Smartphones Data Collection and Artificial Neural Network Modelling
	Abstract
	Keywords
	1. Introduction
	2. Background
	3. Methodology
	3.1. Data Collection
	3.1.1. Smartphone Data Collection
	3.1.2. Corrugation Data Collection
	3.1.3. Roughness Data Collection
	3.1.4. Riding Quality Data Collection

	3.2. Data Analysis

	4. ANN Model Development 
	5. Developing IRI Thresholds for Gravel Roads
	6. Conclusion
	7. Recommendations
	Acknowledgements
	Conflicts of Interest
	References

