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Abstract 
The project presents a pavement sensing system along with a list of promising computing 
models that can be used to predict pavement conditions using a vehicle-based sensing 
technology. The project started with data acquisition obtained from the previous field data 
collection followed by a series of data computing using machine learning methods to determine 
a promising computing algorithm. Subsequently, statistical analyses were performed to 
evaluate the effect of sensor placements/locations within a vehicle on the accuracy of 
pavement condition assessments. Based on analysis results, random forest algorithm is the best 
fitting machine learning algorithm than other three algorithms (Linear Regression, Support 
Vector Machine, and Neural Network) for the pavement condition assessment. It is also found 
that the pavement temperature significantly influences the number of significant points 
(pavement distress) provided the fact that the number of significant points decrease during 
cold weather condition while the number of significant points increase as the pavement 
temperature is getting warmer. The Time-Series analysis indicates the number of the significant 
points will increase quickly in the following two years, which indicate that the pavements will 
be deteriorated if the maintenance and rehabilitation will not be scheduled.   



Development of Cost-Effective Sensing Systems and Analytics (CeSSA) to 
Monitor Roadway Conditions and Mobility Safety 

 

6 
 

 
Development of Cost-Effective Sensing Systems and 
Analytics (CeSSA) to Monitor Roadway Conditions and 
Mobility Safety  

Executive Summary 
Pavement condition surveys normally involve data acquisition, interpretation, and 
documentation. Automated pavement condition survey is considered one of most commonly 
used methods for pavement condition assessments. However, as of today, the automated 
pavement condition surveys have not yet been well adopted by highway agencies as a promising 
system due to the fact that a well-established dynamic vibration and sensor models that can 
accurately capture the signatures of pavement surface condition have not been proposed and 
widely adopted by transportation authorities due to its costly expenses on the equipment and 
software that an agency has to invest at front.  In recognition of the immediate need, the project 
is presented to develop cost effective sensing technology and advances knowledge in the field 
by creating computing algorithms using pavement vibration responses as inputs to analyze and 
filter raw data to (1) determine promising computing models for prediction of pavement 
distresses and (2) evaluate the promising/optimum placements/locations of sensor loggers 
within a vehicle, and (3) provide an affordable method that will benefit state, city, county 
governments, as well as local communities who have an immediate need but with limited 
budgets to evaluate the road quality and prioritize repair needs.  
 
Due to the pandemic, the implementation of the research was modified to best reflect the 
recommendations provided by local health organizations (Coconino Health Department, 
Northern Arizona University Health Services). All scheduled field trips for data collections in the 
summer of 2020 were cancelled. However, we were able to acquire vibration data collected 
between 2017-2018 on the I-10 corridors in Phoenix as input for computing purposes. The report 
started with introduction of pavement sensing setup and field data collecting activities (Chapter 
1). After data were retrieved, all data were analyzed against their validity to be used for condition 
assessments using the time series function as cluster analysis to exclude data that was not 
statically relevant (Chapter 2). Four computing algorithms were used including random forest 
(RF), linear regression (LR), support vector machine (SVM), and neural network (NN). Among the 
four computing methods, the RF is considered the best fitting machine learning algorithm than 
other three algorithms.  
 
Subsequently, we performed a series of statistical analyses including ANOVA, probability-
probability (P-P) Plot, quantile-quantile (Q-Q) Plot, and Cumulative Distribution Function (CDF) 
plot to help improve the fitting process (Chapters 3-4). The objectives of these analyses are to 
evaluate the effect of sensor placements and speed of a vehicle on the accuracy of pavement 
distress identifications (good, fair, and poor) and determine threshold to identify a level of 
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pavement distress. The results indicate that the thresholds vary based on statistical analysis. 
The threshold obtained from the sensor inside the vehicle (M5) exhibited lower values than the 
other four sensors. This is due to the placement of M5 being inside the vehicle as compared 
with four sensors being placed on top of control arm. Thus, it is recommended all five sensors 
should be used simultaneously to be accurately predict pavement conditions. Additionally, the 
pavement temperature significantly influences the number of significant points (pavement 
distress) provided the fact that the number of significant points decrease during cold weather 
condition while the number of significant points increase as the pavement temperature is 
getting warmer. We also used The Time-Series analysis to fit the model for predicting the 
number of significant points for the next two years. The analysis result showed that the 
predicted number of the significant points will increase from the forecast plot in the following 
two years, which means that the pavements will be deteriorated if the maintenance and 
rehabilitation will not be scheduled.  

The cost-effective sensing systems and analytics (CeSSA) presented in the report indicate that 
the CeSSA is cable of capturing pavement vibration patterns and determining a level of 
pavement distress.   
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Introduction 
Pavement condition surveys normally involve data acquisition, interpretation, and 
documentation. These activities characterize surface condition, such as surface cracking, 
deformation, and other surface defects for both flexible and rigid pavements. Currently, there 
are three key major pavement distress detecting techniques: 1) manual inspection, 2) imaging 
process detection, and 3) vibration-based detection. In 2008, Erikson et al. (1) and Mohan et al. 
(2) further expand the vibration mode to mobile sensing system and GPS in smartphones to 
detect and report the surface conditions of roads. This system uses the inherent mobility of a 
vehicle to gather data from vibration and GPS sensors, and then process the data to assess road 
surface conditions. To build a complete automated imaging system, highway agencies have to 
commit to a significant amount of up-front investment, in addition to equipment upgrade 
expenses afterward. Another pavement detection system is performed through the 
measurement of vibration data using accelerometers attached on a vehicle (3-5). As of today, 
the automated pavement condition surveys have not yet been well adopted by highway 
agencies as a promising system due to the fact that a well-established dynamic vibration and 
sensor models that can accurately capture the signatures of pavement surface condition have 
not been proposed and widely adopted by transportation authorities. Thus, there is a need to 
further advance the development of pavement sensing technology and methodology.    
 
Sensor technology has been used by highway agencies in pavement condition surveys. Current 
methods of automated sensing detection system in support of pavement condition monitoring 
are limited and outdated, particularly with respect to predictive accuracy, reliable dynamic 
range in vibration, and calibration control synthesis to achieve promising performance-based 
results. This project supports fundamental research to the vibration modeling of pavement 
conditions impacted by varying vehicle parameters and signature extraction based on 
intelligent sensing algorithms to estimate real-time pavement conditions in support of rapid 
decision-making. When traveling on highways, a vehicle equipped with sensors on board should 
integrate dynamic vibration effect associated with sensors taking into account for a whole 
system that consists of (i) a vibration model with 3 dimensional components in x, y, and z 
directions along with varying vehicle speeds and weights that collect vibration responses based 
on road roughness condition generated by an exogenous dynamical contact between tires of 
the vehicle and the road surface, and (ii) a multi-domain signal processing model that 
effectively transfers dynamic vibration data in time, spectral and time-frequency domains and 
extract signatures of pavement condition after adaptive filtering and machine-learning process. 
At present, such integrated dynamic vibration and sensor systems have not yet established as a 
result of lacking reliable theory support and actual practice. It should be noted that due to the 
pandemic, all filed data collection scheduled for the summer of 2020 was cancelled. Thus, all 
vibration data used for the project was from previous field work collected on the I-10 corridors 
in Phoenix between 2017 to 2018.  
 
The project advances knowledge in the field by creating computing algorithms using pavement 
vibration responses as inputs to analyze and filter raw data to (1) determine promising 
computing models for prediction of pavement distresses and (2) evaluate the 
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promising/optimum placements/locations of sensor loggers within a vehicle, and (3) provide an 
affordable method that will benefit state, city, county governments, as well as local 
communities who have an immediate need but with limited budgets to evaluate the road 
quality and prioritize repair needs.   
  

 

 

  



Development of Cost-Effective Sensing Systems and Analytics (CeSSA) to 
Monitor Roadway Conditions and Mobility Safety 

 

10 
 

Chapter 1 Data Acquisition 
This chapter explains how vibration data was collected through vehicle-based sensing system 
developed by the research team.  

Introduction to pavement sensing system  
A sensor logger consisting of ADXL 335 triple-axis accelerometers, Arduino MKR1000 computer 
boards, GPS, and a battery was designed (Figure 1.1) for field data collection. The sensors 
communicate three-dimensional vibration data to a laptop via a WiFi router. A 2016 Honda 
Accord was used through the entire experiment because it was newly purchased by the 
Northern Arizona University (NAU), so all mechanical system still remained in an excellent 
condition. Furthermore, using the same vehicle for all road testing could keep the suspension 
and the body mass of the vehicle in a constant way so that the effect of the damping system 
and body mass of a vehicle on the data collection can be neglected. After reviewing the vehicle, 
it is determined that all sensor loggers will be placed on top of the control arms. The decision is 
based on the fact that the control arms are responsible for connecting a vehicles suspension to 
its frame and provide a flat surface to mount sensors. The configuration of sensor loggers is 
believed to make the vibration data collected from road testing more direct, reliable and 
accurate than the ones obtained by a smartphone. 

Figure 1.1. Components of sensor logger 

 

Road testing 
A year-round road test on I-10 corridors in Phoenix, Arizona was conducted between February 
2017 to February 2018 to monitor the resilience of pavement conditions. Prior to travelling, 
vehicle-based accelerometers were mounted to the vehicle (Figure 1.2), one on each wheel’s 
control arm (M1-M4), one inside cab of the vehicle (M5), and a sixth iPhone sensor mounted 
inside the cab of the vehicle. The iPhone sensor was used to compare the accuracy of vibration 
data with the vehicle based sensors. The conceptual framework of the system is shown in 
Figure 1.2. Accelerometers located by each wheel transmits data wirelessly through a WiFi 
router to an on-board laptop where all data will be staved and stored in the computer. GPS is 
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linked to each accelerometer for data to be georeferenced. Smartphone data is transmitted 
separately from the accelerometer sensors so allowing the team to compare their effectiveness 
on road conditions and monitor the resilience of pavement roughness. 

Figure 1.2. Layout of sensor placements  

 
 

Two road testing sections on Interstate 10 corridors were chosen in Phoenix, Arizona (Figure 
1.3). The two sites on Interstate 10 were also chosen based on heavy traffic volume, differing 
pavement roughness, and relatively straight passages. The first corridor (Section 1), 27th 
Avenue through 51st Avenue, and the second section, Baseline Road through Chandler 
Boulevard. In 2016, the average annual daily traffic (AADT) including both directions were 
approximately 186,000 for the Baseline Ave. – Chandler Blvd. section and 230,000 for the 27th 
Ave. – 51st Ave. section. 

The 1st and 2nd right lanes were surveyed going east and west bound directions for a total of 
four times per study corridor. The target testing speed was 95-kph (60-mph) as to remain 
within a safe speed while testing. Because traffic congestion was an issue in these areas, tests 
were mostly conducted around midnight to avoid traffic distraction. During data collecting, a 
pavement temperature was measured by an infrared thermometer and recorded for each road 
test section. The testing period covered four seasons to ensure a year-round pavement 
temperatures ranging from 4℃ - 66℃ (40℉ - 150 ℉) were recorded. 

After completion of each road testing, vibration data was extracted from the laptop for 
analysis. The data output is in acceleration of gravity in the x, y, and z-directions, and GPS 
information. The z-direction corresponds to the vertical motion of the wheel caused by a bump 
or change in slope of the road, the x-direction corresponds to the vehicle accelerating and 
braking, and the y-direction corresponds to the vehicle turning left or right. However, when a 
car passes over rough pavement the sensor on the wheel’s control arm can shake in all 
directions, not just in the z-direction. 
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Figure 1.3. Testing sections on the I-10 corridors in Phoenix, AZ  
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Chapter 2 Development of Computing Algorithms  
The focus of this chapter is on how an advanced machine learning algorithm was developed to 
predict road conditions. Our work comprised five parts: establishing a database, hierarchical 
clustering, investigation of a resampling method, classifier construction, and cross-validation.    

Establishing a Database 
The machine learning algorithm requires training from a validated database. We built this 
database based on vibration data collected from March of 2017 through February of 2018 in 
the I-10 corridors in the Phoenix region as mentioned in Chapter 1. Three accelerator values (x-
axis, y-axis, and z-axis) for each accelerator sensor and two values (latitude and longitude) for 
GPS were collected from each trip. All vibration signatures were analyzed accordingly using the 
algorithms to be discussed later in the following sections. Based on results, the degrees of 
pavement conditions (good, fair, and poor) were determined as indicated by Ho et al. (6). 

Hierarchical Clustering 
To exclude the influence of high correlation time series on the model results, we conducted a 
cluster analysis using the time series function for 15 features. According to Afyouni et al. (7), if 
the time series contains autocorrelation, the standard error of the sample correlation 
coefficient will be biased. Thus, we calculated the autocorrelation coefficient (ACF) for each 
feature before applying the hierarchical clustering analysis. Table 2.1 indicates that the ACF of 
each time series is close to zero, which means that the features are not interdependent. 

The hierarchical clustering analysis is an unsupervised machine learning method where it can 
automatically generate clusters according to the dataset characteristics and it does not need to 
pre-define the number of clusters. Figure 2.1 shows the results of the hierarchical clustering 
analysis that indicates that there are some clusters’ correlation coefficients greater than 0.7. 
Thus, the result states that only one of these time series with a high coefficient is needed to 
represent the data characteristics in these clusters (8). Therefore, we exclude some duplicated 
features, including Z1, Z2, Z3, X4, and Y4 from the original dataset. Table 2.2 shows the change 
after the hierarchical clustering analysis is performed. 
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Table 2.1. The Autocorrelation Coefficient of Features 

Variable Name Autocorrelation Coefficient 
(ACF) 

X1 0.0293 

Y1 0.0259 

Z1 0.0200 

X2 0.0278 

Y2 0.0446 

Z2 0.0219 

X3 0.0248 

Y3 0.0330 

Z3 0.0216 

X4 0.0285 

Y4 0.0354 

Z4 0.0173 

X5 0.0913 

Y5 0.1491 

Z5 0.0419 

Average 0.0408 

 

Figure 2.1: Hierarchical Clustering Analysis 

 

 

Table 2.2: Chosen Time Series 

 The Input Features 

The Original Dataset X1 Y1 Z1 X2 Y2 Z2 X3 Y3 Z3 X4 Y4 Z4 X5 Y5 Z5 

After Hierarchical Clustering X1 Y1 X2 Y2 X3 Y3 Z4 X5 Y5 Z5 
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Resampling Method 
We calculated the number of data points for each class in the dataset and the result are in 
Table 2.3. As we can see, the dataset is significantly unbalanced. If the predictive model used an 
unbalanced dataset, the accuracy would be an impropriate measure because the model will be 
biased towards the majority class (9). To overcome this problem, we used the resampling 
method as an unsupervised machine learning method to pre-process the dataset. The 
resampling method is a way to increase or decrease data points of a class according to the 
pattern of the dataset. There are three kinds of resampling methods, including the 
oversampling method, the undersampling method, and the combination method (10). To 
compare the performance of the three different resampling methods, the dataset was split in 
70% for training and 30% for testing and a neural network model was used to perform the 
computations. In the combination method, we doubled the number of poor-type data points 
and half-cut the number of good-type data points. The results as shown in Table 2.4 were 
obtained using the Python libraries scikit-learn (0.23.1) and imbalanced-learn (0.7.0). 

Table 2.3. Summary of the original dataset 

 Poor Fair Good Total 

Num. 6  95 4834 4935 

 
Table 2.4. The Performance of the Resampling Methods 

  Poor Fair Good 

Oversampling 
Method 

Num. 4834 4834 4834 

Precision 0.99 0.97 1.00 

Recall 0.97 0.99 1.00 

Undersampling 
Method 

Num. 6 6 6 

Precision 0.00 1.00 0.67 

Recall 0.00 0.33 1.00 

Combination 
Method 

Num. 12 95 2417 

Precision 0.98 0.75 0.63 

Recall 0.99 0.60 0.46 

 
According to the results in Table 2.4, the combination method could achieve the best 
performance. However, if we focus on the precision and recall scores, the oversampling 
method has the highest score. Thus, both scores are close to one in the oversampling method, 
which means there is a concern on over-fitting. As for the undersampling method, it directly 
decreases the sample number of each class into six. As we cannot train the model based on less 
data points, we selected the combination method for the subsequent computations. 

Classifier Construction 
To select the most suitable machine learning method for the determination of pavement 
conditions, we implemented four commonly used machine learning models: Logistic Regression 
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(LR), Support Vector Machine (SVM), Random Forest (RF), and Neural Network (NN). In this 
section, we introduce the principles of these machine learning methods. 

Logistic Regression (LR) 
Logistic Regression uses a linear prediction function to predict the probability that the result of 
observation data i is k. The formula is as follow: 
 

𝑓(𝑘, 𝑖) = β(0,𝑘) + β(1,𝑘)𝑥(1, 𝑖) + β(2,𝑘)𝑥(2,𝑖) + ⋯ + β(𝑀,𝑘)𝑥(𝑀,𝑖) (2.1) 

 
Where β(𝑚,𝑘) is a regression coefficient, which indicates how much the m-th observation 

variable affects the k-th result. 

When we regard β(0,𝑘) as the term of 𝑥(0,𝑖) = 1, we can yield the vectorized form of Eq. 2.1 as 

shown in Eq. 2.: 

𝑓(𝑘, 𝑖) = β(𝑘) ⋅ 𝑥(𝑖) (2.2) 

 
where β(𝑘) is a regression coefficient vector, which represents the influence degree or 

importance of the observation values represented by the observation vector 𝑥(𝑖) on the result 

k. 

After training the model using the training dataset, regression coefficients were defined. Thus, 
the model can predict the class (k) of the new input according to the input values (xi). 

Support Vector Machine (SVM) 
The second method we investigated was SVM, which is a linear model to create a line or a 
hyperplane to be able to separate the data into classes. To improve SVM from a binary classifier 
to a multi-class classifier, we adopted the one-vs-one strategy (OVO). In this strategy, we 
replaced the m-class classifier with m(m-1)/2 binary classifiers. To accomplish the OVO strategy, 
the training group dataset was divided into m data groups according to classes at first. Then, 
SVM was performed for every two data groups to obtain m(m-1)/2 binary classifiers. When we 
wanted to predict the class of a new sample, the input data of the new sample was calculated 
by classifiers to form a matrix as shown in Eq. 2.3 (11).  

𝑅 = (

− 𝑟12 ⋯ 𝑟1𝑚

𝑟21 − ⋯ 𝑟2𝑚

⋮ ⋮ ⋱ ⋮
𝑟𝑚1 𝑟𝑚2 ⋯ −

)

𝑚×𝑚

 (2.3) 

 

Eq. 3.3 is an m by m matrix. Each r is assigned to be either 0 or 1, representing the result of a 
binary classifier. The prediction result can be obtained according to the matrix, such as the 
voting OVO (V-OVO) strategy (12). 
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Random Forest (RF) 
The third method was Random Forest, which is an ensemble learning algorithm. It generates 
many individual learners and obtains results from them. Random Forest uses the bagging 
approach as a computing method, meaning that each classifier is built individually according to 
a bootstrap sample of the input data. Comparing to the regular decision tree classifier, the 
parameter at each node is a randomly selected number of features instead of using all of the 
features. This action helps reduce the correlation between the feature attributes (12). 

Neural Network (NN) 
The last method is NN. There are many kinds of Neural Networks that can be used for analysis. 
We employed the multilayer perceptron neural networks (MLPNNs). MLPNN is one of the most 
commonly used neural network. It has fast operations and small training set requirements (14). 
There are three layers including the input layer, the hidden layer, and the output layer. The 
hidden layer processes and transmits the input to the output layer. Eq. 2.4 expresses the basic 
principle of the neural network (14).  

𝑦𝑗 = 𝑓(∑ 𝑤𝑗𝑖 𝑥𝑖) (2.4） 

 
In Eq. 2.4, each neuron j in the hidden layer multiplies a corresponding input parameter 𝑥𝑖 by a 
weight 𝑤𝑗𝑖  and then sum each product. Finally, 𝑓 is a function to calculate the final result 

according to the sum. 

Eq. 2.5 expresses the error of the neural network algorithm, i.e., the difference between the 
actual output of the training dataset and the predicted output. 

𝐸 =
1

2
∑ (𝑦𝑝𝑗 − 𝑦𝑗)

2
𝑗  (2.5) 

  
During the construction of the neural network model, an important process is to reduce the 
overall error to an acceptable range or reach the preset maximum number of iterations by 
modifying the weight 𝑤𝑗𝑖 . We use the L-BFGS algorithm (15). This algorithm has the advantages 

of fast and high accuracy for datasets with small data volume. 

Cross-validation 
We employed the stratified 5-fold cross-validation method to assess the models. Stratified K-
fold cross-validation is a criterion to choose and evaluate the prediction model (16). It 
effectively reduced bias and improved predictive accuracy to the relatively small size dataset 
(17). To be more specific, the stratified k-fold cross-validation method randomly divides all data 
samples into k groups and performs k rounds of training and testing. In each round, one of the 
groups is used as the test group and the other k-1 groups are used as training sets. It is worth to 
mention that the folds are made by the same percentage of samples for each class (7) to fit to 
an unbalanced dataset situation. Finally, the evaluation results of k rounds are combined as the 
final evaluation of a model. 
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Analysis and comparison of computing models- Classifier Performance 
Based on the models developed previously, a series of analyses on the different algorithms 
were performed and the results are discussed in the following sections including classifier 
performance and evaluation. The classifier performance introduces the performance matrix 
used to evaluate and compare the four different models while the classified evaluation states 
the result of the performance matrixes and highlights the important points.  

We calculated the Matthews Correlation Coefficient (MCC) and the evaluation matrix 
representing the performance of each classifier. Comparing to other statistical measures on 
imbalanced datasets, MCC is a more reliable statistical rate representing the whole situation 
(18). We also built an evaluation matrix to enable a more detailed comparison, including 
metrics such as precision, recall, f1-score, and accuracy. They are calculated based on True 
Positives (TP), False Positives (FP), True Negatives (TN), and False Negatives (FN) values (19). 
The relationship between these four terms is shown in Table 2.5. Accuracy represents the 
average correctness of the model. A high precision indicates that the algorithm is predicting the 
right condition most of the time. A high recall designates that the majority of the specific road 
type was correctly predicted. F1-score indicates the average of precision and recall. Equations 
2.6 to 2.9 explain the formulas to obtain these metrics. 

Table 2.5. Summary of the original dataset 

             The Prediction Situation 
The Actual Situation 

Positive Negative 

Positive True Positives (TP) False Negatives (FN) 

Negative False Positives (FP) True Negatives (TN) 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
  (2.6) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
   (2.7) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
   (2.8) 

 

𝐹1 𝑆𝑐𝑜𝑟𝑒 =
2×(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (2.9) 

 

Analysis and comparison of computing models- Classifier Evaluation 
After training the four different models, the performance results were yielded and shown in 
Tables 2.6. to 2.9. According to the MCC, the following results were obtained: RF(0.7654) > 
NN(0.5826) > SVM(0.5161) > LR(0.2122). RF (Random Forest) had the highest MCC. Table 2.6 
shows the performance of the LR model, for which the overall accuracy is 0.96, an acceptable 
number. But for the “fair” label, the precision and recall are zero, which means the LR model 
cannot figure out the fair type in our dataset. Apart from that, the F1-score of the poor label is 
0.5, which is relatively low. Table 2.7 indicates that the SVM model has a high precision and a 
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low recall for the “fair” label. It means the samples determined by the SVM model as fair type 
are all fair type, but there are still many fair samples that have not been determined right. As 
can be seen in Table 2.8, in the RF model, all the evaluation parameters are higher than 0.75, 
which means that the accuracies of prediction are acceptable for each class. There are some 
issues for the other three machine learning algorithms. Table 2.9. shows that the NN model has 
a similar situation to the SVM model. It cannot predict the data points labeled as “Fair” as well. 
Based on the results from Tables 2.6. through Table 2.9., it is determined that RF has the 
highest accuracy and the best performance overall than the other three algorithms. 

Table 2.6. The Performance of the Logistic Regression Model 

MCC: 0.2122  Accuracy: 0.96  

 Precision Recall F1-score 

Good 0.96 1.00 0.98 

Fair 0.00 0.00 0.00 

Poor 1.00 0.33 0.50 

Average 0.65 0.44 0.49 

 

Table 2.7. The Performance of the Support Vector Machine Model 

MCC: 0.5161  Accuracy: 0.97  

 Precision Recall F1-score 

Good 0.97 1.00 0.98 

Fair 1.0 0.21 0.35 

Poor 1.0 0.67 0.8 

Average 0.99 0.63 0.71 

 

Table 2.8. The Performance of the Random Forest Model 

MCC: 0.7654  Accuracy: 0.98  

 Precision Recall F1-score 

Good 0.99 1.00 0.99 

Fair 0.86 0.63 0.73 

Poor 1.00 0.67 0.80 

Average 0.95 0.77 0.84 

 

Table 2.9. The Performance of the Neural Network Model 

MCC: 0.5826  Accuracy: 0.97  

 Precision Recall F1-score 

Good 0.98 0.99 0.99 

Fair 0.64 0.37 0.47 

Poor 0.50 1.00 0.67 

Average 0.71 0.79 0.71 
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Chapter 3 Distribution Fitting and ANOVA Tests to Analyze 
Pavement Sensing Patterns for Condition Assessments 

Introduction 
Pavement deterioration can be due to the traffic loading and/or environment factors. The 
periodic pavement maintenance is necessary to ensure a satisfactory pavement condition 
performance so that the operational safety of highways can be achieved. Pavement condition 
assessment is essential for pavement asset management and it involves data collecting, pattern 
detecting, and condition monitoring processes. Generally, the International Roughness Index 
(IRI) is the most commonly used assessment method to evaluate pavement deterioration 
through the values that calculated from each segment of highways. The higher IRI values 
represent the rougher road condition and are likely to have an immediate need for 
maintenance. However, the costs of IRI equipment including instruments and software 
equipped in a vehicle appear not to be affordable for all governments and organizations. Thus 
using acceleration vibrations to monitor and estimate pavement condition becomes one of 
common methods among public agencies and institutions who has an urgent need but with 
limited budget to measure road conditions.  

The acceleration vibrations collected from smartphones or self-developed sensors are widely 
used in today’s condition assessments (6, 20-22). One of challenges in this type of pavement 
sensing method is: how to properly determine the thresholds of pavement conditions using 
currently available methodologies including recurrent neural network, derivate and integral 
methods, fast Fourier transform, machine learning, and statistical methods. For example, the 
vertical acceleration can be used to predict the IRI values through statistical models such as 
multivariate liner regression (23), or identify pavement condition using recurrent neural 
network. The crack damage can also be determined via the frequency of fast Fourier transform 
and the numerical analysis based on the acceleration signals peaks (24). In addition to these 
numerical analysis methods, the paper presents an approach using regression analysis and 
probability distribution fitting to analyze pavement sensing patterns and signals collected on 
the I-10 corridors in Phoenix, Arizona. A vehicle is equipped with four sensors placed on the top 
of the control arms of the vehicle and one sensor is inside of the vehicle to gather the data for 
analysis.  

The main objectives of Chapter 3 are 1) to optimize the use of vehicle based sensors for future 
pavement sensing work; and 2) to determine the thresholds of pavement conditions (i.e., good, 
fair, and poor) as a criterion to represent the pavement deterioration, so the maintenance and 
rehabilitation can be scheduled to ensure continuous quality improvement. 

Literature Review 
Road roughness is a commonly used parameter in evaluating pavement conditions and 
International Roughness Index (IRI) is a pavement condition index that is generally used to 
conduct pavement management assessments. The IRI values are obtained using equipment and 
computing algorithms for each roadway segment (20-25) with defined specifications in 
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different countries (26). Due to the limited budget and the classifications of roadways, scholars 
and road agencies have searched for another approaches to monitor road conditions such as 
analyzing acceleration vibration of roads and using algorithms to predict IRI values. Thus, 
instead of computing IRI values, the application of acceleration vibrations in pavement 
condition assessments has become a popular and common way for pavement maintenance. 
Currently, a number of numerical analyses have been used to provide information on the levels 
of different pavement conditions such as machine learning, mathematics, and statistical models 
based on the data collected from smartphones or self-developed sensors (27-30). The mobile 
applications from smartphones are common devices that can be used to collect vibration data 
for road asset management with low costs (23, 31). The study of smartphones and pavement 
detection by Douangphachanh and Oneyama shows that the accelerometers have a linear 
relationship with road roughness (21). The self-developed sensors are another option for 
acquiring accurate acceleration vibration with features of speed, courses, and time. Chen et al. 
used multiple sensors to detect surface cracks based on accelerometers from smartphones and 
acceleration sensors that mounted on the vehicle (22). The method of using multiple sensors 
and smartphones for pavement detection are also introduced by Ho et al. and they found the 
vehicle-based sensors are more reliable than the iPhone sensor (6).  

The mathematical algorithms of derivative and integral are general applied in analyzing 
accelerometers, velocity and displacement to evaluate pavement performance (32). Also, Ye et 
al. built numerical models to find the potential roadway conditions with acceleration extrema 
and frequency distribution based on veridical acceleration signals for analysis of pavement 
vibrations (33). Currently, machine learning and statistical models are widely used in condition 
assessments to detect and predict the condition of pavements (34). Padarthy et al. developed 
an algorithm from machine learning techniques for detecting potholes and road asset 
management by processing lateral acceleration and speed (35). Combing statistical models with 
machine learning is another way to perform pavement condition assessments. The methods of 
analytic hierarchy process and fuzzy logic theory are applied in project prioritization and 
condition assessments where an evaluation of pavement condition can be achieved (36). The 
methods of Bayesian, Time Series Analysis and Monte Carlo Markov Chain (MCMC) are 
considered as part of numerical approaches to simulate pavement performance and improve 
roughness prediction (37, 38). However, as mentioned previously, the methodologies used to 
determine the thresholds of pavement distress conditions are still not well studied. In addition, 
to the extent of the authors’ previous work (6), the number of sensors in a vehicle needed for 
pavement sensing also requires further investigation. Therefore, the project presents a 
methodology using regression analysis and distribution fitting method that can be used to 
analyze the acceleration response of multiple vehicle-based sensors and then to determine the 
levels of pavement deterioration for condition assessments. 

Methodology 
We take multiple ways to analyze the pavement sensing patterns and signals for condition 
assessments using statistical models. Figure 3.1 illustrates the steps for road condition 
assessment based on the data collected from previous research. As shown in Figure 3.1, the 
multiple regression analysis is used for sensor selection in order to find the most significant 
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relative sensor in pavement distress detections among sensors mounted on a vehicle. Then, the 
fitted distribution model is used to find significant points that would be considered as the 
pavement determination to classify the pavement condition. Finally, the time-series models are 
fitted to predict the number of significant points for the future years. 

Figure 3.1. Methodology of chapter 

 
 

Data Collection and Specifications 
As previously mentioned in Chapter 1, all pavement sensing patterns and signals were collected 
by a 2016 Honda Accord that was purchased by Northern Arizona University. Four sensors 
(named as M1, M2, M3, and M4) were placed on the top of the control arm with another one 
(named as M5) being placed inside of the vehicle to gather vibration data simultaneously. A 
GoPro was attached on either the front or the rear of vehicle to validate the occurrence of 
cracks, construction joints, detection loop, or road reflectors from sensing patterns and signals. 
The pavement temperature was recorded by infrared thermometer and the driving speed was 
maintained at 60 miles per hour except the traffic congestion occurred in road testing. M1 and 
M3 are sensors placed on the left side of vehicle while M2 and M4 are sensors placed on the 
right side. Sensor M5 was placed on top of cap inside of the vehicle. The details about vehicle-
based sensors and the data collection process are explained in reference (6).  

Data Analysis 
The acceleration vibrations from pavement sensing signals are used for pavement condition 
assessment. The vibration magnitudes of x-axis and y-axis represent the acceleration response 
when a vehicle made a turn and acceleration-stop (39), and of z-axis is used to detect a bump 
or a crack, which is generally used to detect pavement roughness in research projects (33). In 
the past, many research papers primarily analyze vertical accelerations for detecting the 
pavement conditions, but the paper further explores an approach using a resultant from all 
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three directions and defined as “M” for the road condition assessments. The “M” is called total 
magnitude by combining all acceleration values together due to the sensors are placed on the 
control arm were affected by multiple direction in motion of a vehicle moving, which is based 
on the author’s previous work (6). The total magnitude, M can be computed as follow (6,29): 

𝑴 =  √𝒙𝟐 + 𝒚𝟐 + 𝒛𝟐     ( 3.1 ) 

 
where x, y, and z represent the acceleration vibration along three axes of x, y and z. The higher 
magnitude reflected on the corresponding patterns indicates the pavement distress is 
significant and needs an immediate attention. 

Data Filtering 
The filtering process is performed using geographic information systems (GIS) software to 
ensure the pavement sensing patterns and signals are properly displayed and matched on I-10 
corridors in a GIS map to avoid any errors. It should be noted that the data was collected from 
March 2017 to February 2018 excluding July of 2017 due to unexpected technical issue during 
the sensing process (6). Before analyzing the collected data, the pavement sensing patterns and 
signals should be displayed on the arterial map as shown in Figure 1.3. 

Data Exploratory Analysis 
Using visualization and transformation to explore all magnitude values from data appeared to 
be an appropriate method and model for further analysis. As mentioned above, sensors M1 to 
M4 were placed on the control arms and M5 was placed on the cap of the vehicle. Figure 3.2 
and Figure 3.3 show the boxplot of magnitude values from all five sensors in two sections. The 
data appear right-skewed (positively skewed) distributions based on the kernel density plots as 
well as contain high outliers as shown in Figure 3.4 and Figure 3.5. To meet the assumptions of 
normality in statistical models, data transformation is needed. In statistics, the data shows the 
positively skewed distribution or the negatively skewed (or left-skewed) distribution, the 
general data transformation includes logarithm, square root, cubic root, and Box-Cox Power 
(40). Any zero magnitude values were eliminated to avoid the error when the data is 
transformed in a logarithmic scale. 
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Figure 3.2. Boxplots of Magnitude values from 51st Ave. through 27th Ave. 

 

Figure 3.3. Boxplots of Magnitude values from Baseline Rd. through Chandler Blvd. 
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Figure 3.4. Kernel Density plot for section 1 

 

Figure 3.5. Kernel Density plot for section 2 

 

ANOVA Tests 
In order to test the equality of treatments (sensors), the Analysis of Variance (ANOVA) tests are 
constructed by building cell means model as shown follow (41): 

𝒚𝒊𝒋 = 𝝁𝒊 + 𝒆𝒊𝒋, 𝒊 = 𝟏, 𝟐, … , 𝒕 and 𝒋 = 𝟏, 𝟐, … , 𝒓    (3.2) 
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where 𝑦𝑖𝑗 is the response of 𝑗𝑡ℎ months from the 𝑖𝑡ℎ sensors, 𝜇𝑖 is the mean for all acceleration 

from the 𝑖𝑡ℎ sensor, 𝑒𝑖𝑗 is random error, which is independent identically distributed to a 

normal distribution with zero mean and a constant variance. 

The hypothesis test was performed as expressed below: 

𝑯𝟎: 𝝁𝟏 = 𝝁𝟐 = 𝝁𝟑 = 𝝁𝟒 = 𝝁𝟓 vs. 𝐇𝐚: 𝐧𝐨𝐭 𝐚𝐥𝐥 𝐭𝐡𝐞 𝛍𝐢 𝐚𝐫𝐞 𝐞𝐪𝐮𝐚𝐥  (3.3) 

Test statistics: 𝐅 =
𝐌𝐒𝐓

𝐌𝐒𝐄
      (3.4) 

where MST is the mean square of sensors and MSE is the mean square of error.  

If the p-value is smaller than the significance level 0.05 (or F statistic is larger), we reject the null 
hypothesis and conclude that the means of sensors differ, which indicates that all sensors 
should be analyzed to determine pavement deterioration. The Tukey test will be applied for 
pairwise comparison to find which group causes the significantly difference. On the contrary, if 
the p-value is greater than the significance level 0.05 (or F statistics is small), we fail to reject 
null hypothesis and there is no sufficient evidence to conclude that the significantly difference 
among all five sensors. Thus, it would suggest that any one of five sensors can be exclusively in 
pavement sensing and the result would have statistically been used for pavement condition 
assessments.  

However, it is essential to check assumptions of normality, linearity, independence, and 
homoscedasticity to validate this model for the accuracy of statistical inference and precise. 
There are multiple functions can be used in R, such as aov, lm, or glm for ANOVA analysis. The 
paper used lm function to conduct ANOVA test so that the Global Validation of Linear Models 
Assumptions (gvlma) function can be applied to evaluate the assumptions. The summary of 
gvlma will indicate which assumption is violated. 

Distribution Fitting and Percentile Analysis 
The concept of defining significant points and classifying pavement conditions is based on 
probability distribution, which is a function to describe the likelihoods of a variable occurrence. 
There are many distributions such as normal, beta, chi-square distribution, etc. in statistics. 
Given a distribution, the probability of an event occurrence can be estimated and found using a 
percentile number. Similarly, if all magnitude values of vibration data can be fitted in a 
probability distribution, then a specified percentile of all magnitudes can be estimated and 
therefore a critical value would be defined as a threshold to further classify a pavement 
condition. 

The distribution fitting approach is to fit an appropriate probability distribution from a series of 
the data and predict the probability of an event occurrence in an interval. The fitting process 
involves the statistical methods to estimate the distribution parameters based on the sample 
data. The paper used the package, fitdistrplus, in R to fit several parametric distributions and 
find the best fitted model by comparing Akaike Information Criterion (AIC) scores. Moreover, 
the probability-probability (P-P) Plot, quantile-quantile (Q-Q) Plot, and Cumulative Distribution 
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Function (CDF) plot are created from the package to help improve the fitting process by 
modifying the distribution parameters. 

Since raw data shows the positively skewed distribution, Gamma distribution and Lognormal 
distribution are considered as the best fitted models for analysis. After computing 99th percent 
from the fitted model, the corresponding magnitude value can be defined as threshold in the 
pavement condition classification. On the other hand, the remaining 1 percent of the 
magnitude values would indicate that pavement deterioration is determined, which is also 
called significant points in the paper. 

Time Series Analysis  
Time-Series Analysis is a method for analyzing time-series data to obtain significant statistics 
under considerations of stochastic, stationary, autocorrelation, and autoregressive. It is a 
common and important method to predict the values using a forecasting model referring to the 
original observed values. In the paper, the number of significant points is represented as a time 
series and the assumption for the model is non-stationary. Then the model capable of this 
series data is called Auto Regressive Integrated Moving Average (ARIMA) model. The general 
ARIMA process has the following form (42): 

𝑾𝒕 = 𝛂𝟏𝐖𝐭−𝟏 + ⋯ + 𝛂𝐩𝐖𝐭−𝐩 + 𝐙𝐭 + ⋯ + 𝛃𝐪𝐙𝐭−𝐪    (3.5) 

where {Zt} is a purely random process with mean zero and variance constant. 

Results and Discussion 
This section presents all computing processes and results from the previous section. The results 
of sensor selection, the determination of threshold values for road condition classification, and 
predictable model for the number of significant points are shown in Tables 3.1-3.4, Figure 3.7 
through Figure 3.11. 

Equality of Sensors 
Before applying ANOVA test, the data was transformed into a logarithmic scale as referred in 
data exploratory analysis. Construct cell means models (Equation 3.2) and the results of ANOVA 
tests (Table 3.1 and Table 3.2) show that p-values are less than the significance level 0.05 in 
both sections, which indicate that the means of five sensors differ in log scale as expressed in 
Equation 3.3. The result states that all sensors should be included for any further analysis in 
order for the results to be statistically valid. Table 3.3 also shows the results of checking 
assumptions where the large p-values indicate that the assumptions are not violated. 
Additionally, the Tukey’s Test (Table 3.4). Even though the differences among the other four 
pairs (M1 to M4) are not significant at the significance level 0.05, it concludes all sensors are 
going to be used for further analysis. 
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Table 3.1. Results of ANOVA tests Section 1 

Analysis of Variance Table: Section 1 - 51st Ave. through 27th Ave. 

 df Sum Square Mean Square F value P-value 

Sensor 5 68.838 13.7676 352.32 < 2.2 × 10−16  

Residuals 50 1.954 0.0391   

 

Table 3.2. Results of ANOVA tests Section 2 

Analysis of Variance Table: Section 2 – Baseline Rd. through Chandler Blvd. 

 df Sum Square Mean Square F value P-value 

Sensor 5 83.417 16.683 335.64 < 2.2 × 10−16  

Residuals 50 2.485 0.050   

 

Table 3.3. Results of Global Validation Test 

 Road Section 1 Road Section 2 

 p-value Decision p-value Decision 

Global Stat 0.827 Assumptions acceptable 0.175 Assumptions acceptable 

Skewness 0.560 Assumptions acceptable 0.768 Assumptions acceptable 

Kurtosis 0.842 Assumptions acceptable 0.987 Assumptions acceptable 

Link Function 1.000 Assumptions acceptable 1.000 Assumptions acceptable 

Heteroscedasticity 0.291 Assumptions acceptable 0.288 Assumptions acceptable 

Note: the Global Sta tests for the null hypothesis, the Skewness and Kurtosis check normality, and 
Heteroscedasticity for the constant variance of the residuals. 
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Table 3.4. Tukey’s Test for Multiple Comparisons 

Road Section 1: 51st Ave. to 27th Ave. 

Mixing 
comparison 

Difference 
between means 

Simultaneous 95% 
Confidence Limits 

p-value 

M2-M1 0.110 -0.128 0.349 0.689 

M3-M1 0.216 -0.023 0.454 0.094 

M4-M1 0.072 -0.167 0.310 0.913 

M5-M1 -0.490 -0.729 -0.252 0.000 

M3-M2 0.106 -0.133 0.344 0.720 

M4-M2 -0.038 -0.277 0.200 0.991 

M5-M2 -0.600 -0.839 -0.362 0.000 

M4-M3 -0.144 -0.382 0.095 0.439 

M5-M3 -0.706 -0.944 -0.467 0.000 

M5-M4 -0.562 -0.800 -0.323 0.000 

Road Section 2: Baseline Rd. to Chandler Blvd. 

Mixing 
comparison 

Difference 
between means 

Simultaneous 95% 
Confidence Limits 

p-value 

M2-M1 0.181 -0.088 0.450 0.033 

M3-M1 0.250 -0.019 0.519 0.080 

M4-M1 0.135 -0.134 0.404 0.615 

M5-M1 -0.454 -0.723 -0.185 0.000 

M3-M2 0.069 -0.200 0.338 0.948 

M4-M2 -0.045 -0.314 0.224 0.989 

M5-M2 -0.635 -0.904 -0.366 0.000 

M4-M3 -0.115 -0.384 0.154 0.748 

M5-M3 -0.704 -0.973 -0.435 0.000 

M5-M4 -0.590 -0.859 -0.321 0.000 

 

 

Classifying Pavement Condition 
The results of estimated parameters from Lognormal distribution and Gamma distribution using 
magnitude values from M3 collected in March 2017 as a computing example are shown in Table 
3.5. Comparing AIC scores, the better fitted model is the fitted lognormal distribution since it 
has lower AIC score than the fitted gamma distribution. The plots of CDFs, Q-Q and P-P also 
indicate that the Lognormal distribution is better than Gamma distribution to fit the data from 
M3 as displayed in Figure 3.6. Once the fitted distribution is determined (e.g. Lognormal 
distribution), the estimated parameters of mean and standard deviations can be computed. 
Subsequently, a new distribution model with specified parameters was built. It is found that the 
fitted distribution matched the histogram of raw data as shown in Figure 3.6 in Histogram and 
theoretical densities. After computing the 99th percentile from the fitted distribution model, the 
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corresponding magnitude (critical) value is determined as the threshold for road condition 
classification. Figure 3.7 shows all threshold values that are used to determine the pavement 
deterioration in two road sections. It is noticed that the determination of threshold values 
varies based on statistical analysis. In addition, the threshold obtained from M5 exhibit lower 
values than the other four sensors. This is due to the placement of M5 being inside the vehicle 
as compared with four sensors being placed on top of control arm. 

Table 3.5. Parameter estimation results from fitted distribution models 

 Fitting of the distribution “Lognormal” by maximum likelihood 

Parameters: Log likelihood: 74.09        AIC: -144.193      BIC: -131.523 

 Fitting of the distribution “Gamma” by maximum likelihood 

Parameters: Log likelihood: 17.792      AIC: -31.584        BIC: -18.914 

 

Figure 3.6. Plot of fitted distribution model for M3 in March 
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Figure 3.7. Threshold values of road condition classification 

 
 

 
 

In addition to the study of sensor placements and the determination of threshold values in 
pavement condition assessments, the project also intends to evaluate how extreme heat events 
could influence the number of significant (pavement deterioration) based on a yearlong data 
collected in Phoenix. Using the threshold values obtained from Figure 3.7, the total number of 
significant points from M1 to M5 against 11 months (except for July 2017) is shown Figure 3.8. 
Obviously, the pavement sensing patterns and signals vary in each month as well as to the 
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significant points. The ANOVA test were conducted to evaluate if the pavement temperature 
has a significant impact on the number of significant points. The results (Table 3.6) show that 
there is an association between two variables at the significance level 0.05 in both sections 
which indicates the pavement temperature does play an important role in controlling pavement 
conditions. The selected significant points in the two testing sections from April, August, 
November of 2017 and January of 2018 were imported in GIS software and are graphically 
illustrated in Figure 3.9 and Figure 3.10. Given the results from Figures 3.9-3.11 and Table 3.6, it 
is evident that the pavement temperature significantly influences the number of significant 
points (pavement distress) provided the fact that the number of significant points decrease 
during cold weather condition while the number of significant points increase as the pavement 
temperature is getting warmer. 

To further validate the accuracy of statistical and GIS mapping findings, a number of images as 
shown in Figure 3.11 were taken from recorded videos to verify the results. The pavement 
distress points as displayed in Figure 3.11 accurately correspond to the locations as circled in 
blue in Figure 3.9. Thus, it is confident to say that the selected significant points generated by a 
series of statistical analyses could appropriately represent the locations of pavement distress 
on highways. 
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Figure 3.8. Pavement temperature and selected significant points 

 

 
 

 

 

 

 

 

16
28

43

22 25 22 20 17 19 18 22

65

80

135

95
105

80
70 65

55
47 50

0

20

40

60

80

100

120

140

P
av

em
en

t 
te

m
p

e
ra

tu
re

, F
;

N
u

m
b

e
r 

o
f 

si
gn

if
ic

an
t 

p
o

in
ts

Months of year

Section 1: 51st Ave. through 27th Ave.

# of significant points Pavement Temperature

15
23

29 24 26 23 22
15 20 22

16

67

53

140

95
105

80
70 67

53
47 50

0

20

40

60

80

100

120

140

P
av

em
en

t 
te

m
p

e
ra

tu
re

, F
;

N
u

m
b

e
r 

o
f 

si
gn

if
ic

an
t 

p
o

in
ts

Months of year

Section 2: Baseline Rd. through Chandler Blvd.

# of significant points Pavement Temperature



Development of Cost-Effective Sensing Systems and Analytics (CeSSA) to 
Monitor Roadway Conditions and Mobility Safety 

 

34 
 

Table 3.6. ANOVA Test Results of Pavement Temperature 

Analysis of Variance Table: Section 1 - 51st Ave. through 27th Ave. 

 df Sum Square Mean Square F value P-value 

Sensor 5 68.838 13.7676 345.05 < 2.2 × 10−16  

Temperature 1 0.218 0.2182 5.575 0.0165 

Residuals 49 1.915 0.0391   

 

Analysis of Variance Table: Section 2 – Baseline Rd. through Chandler Blvd. 

 df Sum Square Mean Square F value P-value 

Sensor 5 83.417 16.683 335.64 < 2.2 × 10−16  

Temperature 1 0.112 0.112 2.286 0.0331 

Residuals 49 2.436 0.049   

 

 

Figure 3.9. Pavement Condition of Road Section 1 
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Figure 3.10. Pavement Condition of Road Section 2 

   
 

Figure 3.11. The Significant Points Correspond to the Road Condition in Road Section 1. 

 
(a) 1st segment 
 

 
(b) 2nd segment 
 

 
(c) 3rd segment 
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The number of significant points can also be predicated by using Time-Series Analysis and the 
forecast plots are shown in Figure 3.12. Since both two sections have small sample size and 
does not roughly uniformly distribute, the ARIMA models were chosen based on lower AIC and 
BIC values. The fitted models were developed to fit the data as expressed below in Equation 3.5 
and Equation 3.6 for two road sections: 

section 1: 𝐱𝐭 − 𝐱𝐭−𝟏 = 𝟎. 𝟔 + {𝐳𝐭}    (3.6) 

section 2: 𝒙𝒕 − 𝒙𝒕−𝟏 = 𝟎. 𝟏 + {𝒛𝒕}    (3.7) 

where t is the variable of month. 

The predicted number of the significant points will increase from the forecast plot in the 
following two years, which indicate that the pavements will be deteriorated if the maintenance 
and rehabilitation will not be scheduled. 

Figure 3.12. The Forecast Plots of Number of Significant Points 

  

   
  (a) Road section 1     (b) Road section 2 
Note: x-axis shows the variable of month (t) and y-axis shows the predicted number of 
significant points. 
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Chapter 4 Using Multiple Sensors to Detect Pavement 
Deterioration Through Frequentist and Bayesian Methods  

Introduction 
The road roughness is critical in pavement management and maintenance for road asset 
decision-making. How to measure and make prediction of pavement performance in a cost-
effective way are widely discussed in many research projects. This chapter presents a new idea 
for detecting pavement deterioration through multiple vehicle-based sensors and 
accelerometer app from smartphone.  

Generally, the pavement condition assessment uses the international roughness index (IRI) to 
monitor roughness condition of a target road segment and it becomes a key measurement in 
pavement management system (43). IRI is obtained from the longitudinal profile with 
accumulated output that divided by the distance based on the rectified slope with either unit of 
meter per kilometer or inch per mile (44). The higher IRI values shows the increase roughness 
of the pavement and the lower IRI values indicates the smooth pavement condition (45). The 
IRI is a standard index that is applied widely to quantify the road condition and becomes a 
valuable information in transportation. However, the higher cost and constraints are challenge 
to road agencies. To reduce the cost and testing time, more researchers use acceleration 
vibration to determine the pavement deterioration through multiple methods including 
numerical analysis, machine learning and mathematical models (46-48). Many studies show 
that the significant relationship between acceleration vibration and IRI values or road surface 
roughness (49-51), which is an evidence to support that the acceleration responses are useful in 
detecting road conditions.  

Chapter 4 is to continue the evaluation of the effect of multiple sensors on pavement condition 
assessment. This chapter is focused on two types of data based on the vibration response to 
analyze the pavement deterioration, which are vertical acceleration and total magnitudes. The 
total magnitude is a combination expression of the vibration values along axis of x, y and z. 
Based on the previous research and the current analysis, the threshold values can be 
determined to classify the pavement condition based on the fitted probability models. 
Moreover, the Bayesian and frequentist methods of regression analysis are applied to predict 
the probability of future pavement deterioration, along with Markov Chain Monte Carlo 
(MCMC). 

Pavement Detection Test 
The pavement detection test was accomplished in one year that tests two road segments on I-
10 in Phoenix, Arizona. During the tests, a 2016 Honda Accord vehicle equipped with four 
sensors were placed on the top of the control arm and one sensor was placed inside of the 
vehicle (6). Also, a smartphone was attached on the dashboard of the vehicle to collect 
vibration responses. The data includes values of acceleration along axis of X, Y, and Z, speed, 
longitude, latitude, altitude, and time. The details about data collection process are explained in 
reference (6) and Chapter 3. 



Development of Cost-Effective Sensing Systems and Analytics (CeSSA) to 
Monitor Roadway Conditions and Mobility Safety 

 

38 
 

Data Analysis 
Data cleaning is necessary before performing methodology through ArcGIS software. Using the 
software, the sensing patterns and signals can be displayed and matched on I-10 corridors in 
the arterial map. The data collected in July was deficient due to unexpected technical issue in 
the collection. Since four sensors were placed in different locations of the vehicle, the time 
difference occurred in data collection. In the pavement detection test, sensor 3 and sensor 4 
placed on the rear wheels should be matched the vibration data from front wheels (sensor 1 
and sensor 2). Referring to the vehicle specification and features, the wheelbase of Honda 
Accord is 108.3 inches and the time gap can be estimated based on the driving speed. Sensor 5 
was placed inside of the vehicle, which has similar vertical displacement as the sensors placed 
on front wheel. Thus, there is no need in data modification for sensor 5. 

The project analyzes two types of data to identify the pavement crack. One data series is just 
vertical acceleration and the pavement distress corresponds to the acceleration peaks. The 
other data series is defined as total magnitude (M), see Equation 3.1. In this case, the larger the 
magnitude values, the worse pavement distress. In the paper, M1 and M2 represent the 
magnitude values from front-wheel, and M3 and M4 represent magnitudes for the rear-wheel.  

When the time gap is reduced from the data, the vertical acceleration from all sensors indicates 
the same location in the pavement detection tests. Figure 4.1 shows an example of vertical 
acceleration responses from road segment 1 (51st Ave. to 27th Ave.) in March versus the 
incremental time within 9 seconds. The acceleration peak represents crack, pothole or bump 
and all five sensors play roles in the detection test. Figure 4.2 shows the magnitude values 
versus incremental time from the same sample data. In this case, the higher point (M3 = 2.0) 
from sensor 3 indicates pavement deterioration when the incremental time around 8.5 
seconds. Additionally, sensor 5 has the lowest total magnitude values in the example, then the 
study will examine the relation between sensor 5 and other sensors for further analysis.  
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Figure 4.1 Vertical acceleration vs. Incremental Time  

 
 

Figure 4.2. Magnitudes vs. Incremental Time 

 
 

Factorial Experiment and Analysis of Covariance (ANCOVA) 
The factorial treatment design is used to investigate the relationships among several types of 
treatments and the comparisons can be affected by vary conditions (53). From the pavement 
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detection test, since the simultaneous vibration data collected on all five sensors with different 
speed, then the factorial design would be an appropriate method to be performed. The 
advantages of the design include simultaneous investigation of several factors, measure 
interaction between factors, and provide precision analysis on individual factor when there are 
no interactions. However, when the number of factors increases, the interpretation of analysis 
becomes more difficult and the precision is reduced. 

Analysis of covariance (ANCOVA) is an extension of ANOVA, which tests the mixture of 
quantitative and qualitative (e.g. categorical variables) predictors. ANCOVA is usually used for 
comparing variables in two or more groups as well as the interaction of each variable (54). The 
main effects and interactions both are available to access from the results. In the project, to 
determine which sensor has a significant effect on the acceleration response, and whether the 
speed is taken into account in the test, the factorial design and ANCOVA needs to be applied. If 
five sensors detect the same vibration response, then either sensor could be used to evaluate 
pavement condition for either speed values. If the results are dependent on the driving speed, 
then the sensors and speed should be considered for analyzing vibration responses. 

Results 
The models include the simple model along with both main effects and the interaction ANCOVA 
model. The models are implemented in R with lm functions, which are shown below: 

Model 1: 𝒍𝒎(𝑽𝒊𝒃𝒓𝒂𝒕𝒊𝒐𝒏 ~ 𝑺𝒆𝒏𝒔𝒐𝒓)     (4.1) 

Model 2: 𝒍𝒎(𝑽𝒊𝒃𝒓𝒂𝒕𝒊𝒐𝒏 ~ 𝑺𝒆𝒏𝒔𝒐𝒓 + 𝑺𝒑𝒆𝒆𝒅)    (4.2) 

Model 3: 𝒍𝒎(𝑽𝒊𝒃𝒓𝒂𝒕𝒊𝒐𝒏 ~ 𝑺𝒆𝒏𝒔𝒐𝒓 × 𝑺𝒑𝒆𝒆𝒅)    (4.3) 

 

From the ANCOVA Table (see Table 4.1), the second row compares the simple model (Eq. 4.1) 
to the main effect additive model (Eq. 4.2), and the third row compares the main effect additive 
model to the interaction model (Eq. 4.3). P-values is very small that indicates each comparison 
is significant and the speed does matter in the test. Furthermore, the sensors ×  speed 
interaction effects exist. There is no need to test for main effects since the interaction effects 
are significant. 

Table 4.1. Analysis of Variance Table  

Res. Df Residual of Sum 
Squares 

Degree of 
Freedom 

Sum of 
Square 

F P-value 

249130 14833     

249129 14825 1 7.664 129.5 5.359 × 10−30 

249125 14812 4 4.314 18.22 5.597 × 10−15 

 

Referring to model 3 (Eq. 4.3), the sensor that has significantly an effect on the speed 
can be determined. From Table 4.2, all sensors and speed have effect on the vibration 
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response. However, there is no sufficient evidence to conclude that the interaction of sensors 
placed on the rear-wheel of the vehicle and the speed exists. Moreover, understanding the 
relation between the vibration and pavement temperature is necessary before classifying the 
pavement condition. Table 4.3 shows ANOVA of the test whether the vibration is affected by 
the vertical acceleration values. In this case, the pavement temperature has a significantly 
effect on vertical acceleration at the significance level 0.05. 

Table 4.2. Analysis of Variance Table (Model 3) 

 Estimated 
Coefficients 

Standard Error t-value P-value 

(Intercept) −9.24 × 10−2 4.30 × 10−3 -21.483 < 2 × 10−16 

Sensor 2 −1.46 × 10−1 6.08 × 10−3 -23.934 < 2 × 10−16 

Sensor 3 1.35 × 10−2 6.08 × 10−3 2.219   0.026476 

Sensor 4 −3.45 × 10−2 6.08 × 10−3 -5.677 1.37 × 10−8 

Sensor 5 3.75 × 10−2 6.08 × 10−3 6.158 7.37 × 10−10 

Speed 4.54 × 10−4 8.62 × 10−5 5.263 1.42 × 10−7 

Sensor 2: Speed 4.51 × 10−4 1.22 × 10−4 3.696 0.000219 

Sensor 3: Speed 6.71 × 10−5 1.22 × 10−4 0.551 0.581771 

Sensor 4: Speed −1.37 × 10−5 1.22 × 10−4 -0.113 0.910336 

Sensor 5: Speed −5.79 × 10−4 1.22 × 10−4 -4.748 2.06 × 10−6 

 

Table 4.3. ANOVA of Pavement temperature 

 df Sum Square Mean Square F value P-value 

Pavement 
Temperature 

1 25.287 25.287 409.07 < 2.2 × 10−16  

Vertical 
acceleration 

250428 15479.4 0.0618   
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Chapter 5 Conclusion and Future Recommendation 
Through pavement sensing data collection, development of computing algorithms, 
determination of optimum sensor placements and thresholds, the project has the following 
conclusions: 

1. The combination resampling method has the best performance to prevent an over-

fitting occur due to an unbalanced dataset.    

2. According to a Stratified K Fold cross-validation mechanism and an evaluation matrix 

(based on accuracy, MCC, precision, recall, and f1-score), the random forest algorithm is 

the best fitting machine learning algorithm than other three algorithms (Linear 

Regression, Support Vector Machine, and Neural Network) for the pavement condition 

assessment and prediction with its rated accuracy of 98%, a Matthews correlation 

coefficient of 76.54%, a precision of 95%, and a recall of 77%. 

3. The determination of thresholds varies based on statistical analysis. The threshold 

obtained from M5 exhibit lower values than the other four sensors. This is due to the 

placement of M5 being inside the vehicle as compared with four sensors being placed 

on top of control arm. Thus, it is recommended all five sensors should be used 

simultaneously to be accurately predict pavement conditions.    

4. The pavement temperature significantly influences the number of significant points 

(pavement distress) provided the fact that the number of significant points decrease 

during cold weather condition while the number of significant points increase as the 

pavement temperature is getting warmer. 

5. The Time-Series analysis is applied to fit a model for predicting the number of significant 

points for the next two years. The predicted number of the significant points will 

increase from the forecast plot in the following two years, which indicate that the 

pavements will be deteriorated if the maintenance and rehabilitation will not be 

scheduled. 

6. Time gap is reduced from different sensors so that all vibration responses indicate the 

same location in the pavement detection test, which improves precision. The interaction 

of sensor and the speed exist based on the statistical analysis. The speed should be 

taken into account in further analysis in pavement deterioration.  

7. In general, the cost-effective sensing systems and analytics (CeSSA) presented in the report 

indicate that the CeSSA is cable of capturing pavement vibration patterns and determining a 

level of pavement distress 

 

Recommendation for future work 
Due to time limited, the authors recommend following works to be continued for future 
implementation: 
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• Analyze total magnitudes with same factorial design and analysis of covariance 

(ANCOVA) to test the interaction between speed and M values. 

• Test the significant relation between pavement temperature and M. Even Chapter 3 

shows pavement temperature has an effect on M values, but the data did not reduce 

time gap before performing the test. Thus, this step is important to improve the 

precision. 

• Using previous research and current analysis to determine thresholds for classifying 

pavement condition, and comparing the results with IRI based on vertical acceleration 

and total magnitudes. 

• Using frequentist and Bayesian methods to estimate the probability of pavement 

deterioration with specified threshold values. The priors are determined from the 

current sample data through Markov Chain Monte Carlo (MCMC) and Bayesian method.  

• The high density intervals (HDI) will be constructed from the posterior distribution that 

gives the specified credible values for classifying the pavement condition.  
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Data Management Plan 
 
Products of Research  
All field data collected for this research was vibration responses from five sensors mounted on 
a vehicle that travelled on the I-10 corridors in Phoenix. All vibration data was used to analyze 
and predict pavement conditions using Matlab, R, Excel, and ArcGIS. 
 
Data Format and Content  
The format of all vibration data is in a csv file that was further converted to a .xls format.  For 
computing purposes, all vibration data were analyzed against their accuracy for prediction of 
pavement conditions using Matlab (in a m. format) and python (in a .ipynb format). For 
statistical analysis purposes, all vibration were analyzed using R software and the output files 
are in .rmd format. When pavement conditions were identified, maps were created using 
ArcGIS software and its format is in a .mxd format. 
 
Data Access and Sharing  
All vibration and analysis data are saved and stored at Northern Arizona University’s secure 
drive. General public can make a request to the PI who will create a path directory using Google 
drive, Dropbox, or Onenote to allow general public access the requested data. 
 
Project data are also stored on Dataverse, and can be accessed here: 
https://doi.org/10.7910/DVN/MGGWCN  
 
Reuse and Redistribution  
Part of data requested by general public may be reused or redistributed for research purposes 
with permission of the PI. 

https://doi.org/10.7910/DVN/MGGWCN
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