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Abstract. Road condition monitoring through real-time intelligent systems has 
become more and more significant due to heavy road transportation. Road 
conditions can be roughly divided into normal and anomaly segments. The 
number of former should be much larger than the latter for a useable road. 
Based on the nature of road condition monitoring, anomaly detection is applied, 
especially for pothole detection in this study, using accelerometer data of a 
riding car. Accelerometer data were first labeled and segmented, after which 
features were extracted by wavelet packet decomposition. A classification 
model was built using one-class support vector machine. For the classifier, the 
data of some normal segments were used to train the classifier and the left 
normal segments and all potholes were for the testing stage. The results 
demonstrate that all 21 potholes were detected reliably in this study. With low 
computing cost, the proposed approach is promising for real-time application.  
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1 Introduction 

In recent years, road condition monitoring has become a popular research area due to 
intensive and still growing traffic that puts the road surface to constant stress. Intelligent 
systems for detecting bad road surface conditions can assist drivers to prevent damaging 
vehicles and even accidents and assist road management departments in timely 
discovering the need of maintenance on dangerous road conditions in time. Using GPS 
data and the acceleration measured by the accelerometer attached on some part of the 
driving car have been particularly used in the pothole and other anomalies detection for 
road management [9], [10], [17], [19]. Fig.1 shows the image of a pothole in the road 
[10] and Fig.2 demonstrates the accelerometer orientation [19]. This pioneering work 
has many advantages, especially in reducing the cost of the road management in 
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contrast to many other systems including laser profilometer measurement [12], ground 
penetrating radar [14], collection and analysis of images of road segments [4], [11], 
[15], [18], and so on. Furthermore, with such work, real-time intelligent systems 
become possible.  

 

  

Fig. 1. Image of pothole [10] Fig. 2. Accelerometer orientation 

 
In [10], [17] accelerometer data were used for classifying road segments as the 

normal or containing anomaly by applying simple threshold values and a high-pass 
filter. In [19], classification was realized by machine learning methods, namely, with 
multi-class support vector machine (SVM) [7] on time-domain and frequency-domain 
features. However, these studies did not fully consider the properties of anomaly in 
the road condition monitoring. In this study, we propose a novel approach involving 
the feature extraction, feature selection and the classification with the consideration of 
the nature of detecting potholes in the road. 

For the feature extraction, two types of information tend to be used according to 
the mechanism of the data formulation and the transformation of the collected data. 
Particularly, in the time or frequency domain, the peak amplitude of the collected data 
within certain duration and the power spectrum density (PSD) are often measured 
[10]. The peak amplitude is very sensitive and may be affected by many factors since 
it just contains the information within a very short duration. The PSD actually 
assumes the data are stationary [16], and this assumption might be correct when the 
road is smooth and the collected accelerations tend to be stationary. However, in case 
that a car passes the anomaly, for example, the pothole, the collected accelerations are 
transient in short duration and they are definitely not stationary any more [10]. Thus, 
the transformation for the non-stationary signal should be used in the feature 
extraction for the anomaly. From this point of view, the wavelet transformation based 
methods are appropriate candidates for the feature extraction [8]. Hence, the wavelet 
packet decomposition (WPD) is used for the feature extraction in this study [21]. 

The feature selection plays an important role in pattern recognition [1]. It assists to 
remove the redundant features and obtain the discriminative features. We try four of 
the generally used methods in this study. They are forward selection (FS) [1], 
backward selection (BS) [1], genetic algorithm (GA) [22] and principal component 
analysis (PCA) [1]. After comparing the performance in detecting potholes in the 
road, we may determine the best method for feature selection in our study.  

After the feature is extracted, a machine learning based classifier is usually 
exploited to recognize the feature. There are mainly three ways to construct such 
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classifiers including the supervised, the semi-supervised and the unsupervised. For an 
anomaly detection problem, there are often two classes of samples to recognize [2]. 
However, since the number of samples of the anomaly is usually much smaller than 
that of the normal, the supervised method is not appropriate, but the semi-supervised 
and the unsupervised methods are [2]. The semi-supervised approach implies that the 
classifier is trained with normal data, and then tested with an independent set of 
normal and anomaly data. This is often named as the one-class classification which is 
also referred as outlier detection, novelty detection or anomaly detection [2]. In this 
problem, the data instances that do not belong to the normal data are separated. Here, 
the one-class SVM [20] is applied.  

In this study, accelerometer data were collected by the system used in [19]. Part of 
one car’s normal data was used for training the classifier and the left normal data of 
that car and pothole data of three cars were for the testing stage. All 21 potholes were 
successfully detected by the proposed approach.    

2 Method 

2.1 Data Description  

In order to make reliable analysis one must ensure high quality of the data. Further 
data analysis is much harder or even impossible if the data is invalid or badly 
corrupted. The accelerometer data in this work were collected by Perttunen et al. from 
the University of Oulu in Finland. The data were collected using a Nokia N95 mobile 
phone mounted on the car’s dashboard. The N95 mobile phone has a built-in 3-axis 
accelerometer and a GPS receiver. The sampling frequency of the accelerometer was 
38 Hz. The GPS data were not used in this study.  

Three different cars were used to collect data. Each drive was also recorded using a 
video camera, which was attached to the head rest of the passenger’s seat. The video 
was synchronized with accelerometer data after the drive so that it could be seen on 
the video when the car hits a road anomaly, for example a speed bump. This allows 
marking certain measurements of the accelerometer as anomalies. During the video 
analysis, it was noticed that it was impossible to observe when exactly the anomaly 
begins and ends in the level of milliseconds. It was also hard to classify the anomalies 
into different categories at the same time. Of course, some of the categories are easy 
to classify, for example speed bumps associated with potholes. But other kinds of 
anomaly were not easy to recognize from the video. So, the classification in this study 
was not targeted to recognize different potholes, but to discriminate potholes from 
normal road conditions, i.e., to detect potholes.   

While the data were labeled, 21 segments with potholes were extracted from three 
drives for investigation, and 1764 normal segments from one car were used for training 
and testing the classifier. Normal segments of the other two roads were not used for 
analysis since the roads were not very smooth. The duration of each segment was three 
seconds and a Hamming window was used. Each segment of the pothole was arranged in 
the center of the segment to avoid energy leakage. Although accelerations in three 
directions were measured, we found the y-axis data mostly revealed the changes of 
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standard deviation before feature selection. Toolbox of Wavelet in MATLAB (The 
Mathworks, Inc., Natick, MA) was used for WPD.  

2.3 Feature Selection 

Although some features were selected among all extracted features during the feature 
extraction process in terms of the rough evaluation of power spectrum of potholes and 
normal segments, there were still 30 features left for classification. Indeed, such a 
number is still too high for real-time application. Therefore, machine learning based 
feature selection can assist to reduce the computing demand for classification. Feature 
selection was designated to find the features best discriminating the potholes and 
normal segments in this study. We tried four extensively used methods here. For the 
completeness of the study, they are briefly introduced next. Please refer to [1] for 
more details.    

Forward selection [1] is one of the basic feature selection methods. As a part of 
stepwise selection method, the idea, like in other feature selection methods, is to 
select a subset of features, which yields accurate enough results compared to results 
with all features. Forward selection begins with zero features in the model. The first 
feature is selected by testing each feature and then selecting the feature that yields, for 
example, the best classification result or the best f-value in statistical tests, such as, 
ANOVA (analysis of variance). This feature is the most significant feature. When a 
feature is selected, it is moved from unselected feature set to selected feature set. 
After this, the algorithm continues by comparing which feature of the remaining 
unselected features yields the best result with previously selected features and moves 
that feature from the unselected to the selected feature set. The procedure ends when 
there are no more features that increases the result or increases it only a bit. Another 
ending condition can be by a pre-defined upper number of selected features. 

Another popular feature selection method is backward selection [1], which is 
opposite process compared to the forward selection. While forward selection begins 
with zero selected features, backward selection begins with all features. In every 
round, the algorithm tests all of the remaining features and removes the feature that 
decreases the results the most. This procedure continues until the result does not 
increase or it increases only a bit or the pre-defined number of features reaches. 

The model of genetic algorithms was introduced by John Holland in 1975 [13]. 
Genetic algorithms are a group of computational models searching a potential solution 
to a specific problem using a simple chromosome-like data structure, which is 
inspired by evolution [1], [22]. A chromosome is a set of instructions which one 
algorithm will use to construct a new model or a function, such as, an optimization 
problem or selecting a subset of features for SVM. All features are represented as a 
binary vector of size , where  is the number of features. ‘1’ means that a feature 
is part of the subset and ‘0’ means that the feature is not part of the subset. An 
algorithm can be considered as a two-stage process. It begins with the current 
population where the best chromosomes are selected to create an intermediate 
population. Recombination and mutation is then applied to create the next population. 
This two-stage process constitutes one generation in the execution of a genetic 
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algorithm. The algorithm begins with initial population of chromosomes. Typically 
initial population is chosen randomly from the original dataset. Then each 
chromosome is evaluated and assigned a fitness value. Chromosomes which represent 
better solution for the target problem are given a better fitness value than those 
chromosomes that provides poorer solution. Better fitness value means better 
reproducing chances. Reproducing may occur through crossover, mutation or 
reproduction operations. Please refer to [22] for more details about using an genetic 
algorithm for feature selection.  

PCA is another frequently used method for feature selection [1]. The object of 
PCA is to find uncorrelated principal components that describe the dependencies 
between multiple variables. The principal components are ordered so that the first 
component explains the largest amount of variance in the data, and the second 
component is for the second largest variance, and so on. Generally it is expected that 
most of the variance in the original data set is covered by the first several principal 
components. PCA can be easily produced through the eigenvalue decomposition of 
the covariance matrix of multivariate datasets. It must be noticed that forward and 
backward selection and genetic algorithm do not affect data, and they are just 
methods to choose the best feature combinations, but PCA is for new features.  

2.4 One-Class SVM 

SVM is probably the mostly used classifier in the past decade [3]. It is a binary 
classifier that was invented by Cortes and Vapnik in 1995 [7]. It is based on 
generalized portrait algorithm and on Vapnik’s research in statistical learning theory 
from the late 1970’s. Basically SVM is intended to classify only two classes but it can 
be extended to support one-class and multiclass classification.  

One scheme of one-class SVM is to map the input data into a high dimensional 
feature space and then fit all or most of the data into a hypersphere [3]. The volume of 
the hypersphere is minimized and all of the data samples that do not fall in the 
hypersphere are considered as anomalies. Another idea is the -SVM that creates a 
decision function that separates most of the training data from the origin with a 
maximum margin [3]. The parameter  is associated with the number of support 
vectors and outliers. So, one-class SVM tries to find a separating hyperplane and 
maximizes the distance between the two classes while two-class SVM can be solved 
by constructing a hypersphere that captures most of the training data and minimizes 
its volume or separates training data from the origin with maximum margin [3]. 

2.5 Data Processing 

LIBSVM software was used [3]. We used one-class SVM with Gaussian radial basis 
kernel with the parameters  and  with values 0.01 and 0.00002, correspondingly. 
SVM was trained with 70% of the normal data (1234 segments) and the training data 
was chosen randomly. Rest of the normal data (530 segments) and all 21 anomaly 
segments were used to test the accuracy of the constructed SVM model.  
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We present the result using sensitivity and specificity derived from the confusion 
matrix [1]. Such a matrix includes true positive (TP: ‘pothole’ is classified as 
‘pothole’), false negative (FN: ‘pothole’ is classified as ‘normal’), false positive (FP: 
‘normal’ is classified as ‘pothole’) and true negative (TN: ‘normal’ is classified as 
‘normal’). Sensitivity is equal to TP/(TP+FN), and specificity is defined as 
TN/(TN+FP). Their ideal values are 1 with zero FN and zero FP.  

3 Results 

All classification results that we present are the average of 1000 SVM classifications. 
If all 30 features were used for the classification, TP was 21, i.e., all 21 potholes were 
recognized as potholes, and TN was about 524 and FP was about 6, i.e., six normal 
segments were recognized as potholes.  

For feature selection, we tested the four methods mentioned in the subsection 2.3 
using different numbers of selected features. The results are shown in Fig.5. 
Obviously, PCA is the best for feature selection when the number of features is larger 
than 5. FS is the best when the number of features is larger than 2 and smaller than 6.  

 
 

 
            

            Fig. 5. (a) Sensitivity                           (b) specificity                              

4 Conclusion 

This study has attempted to solve road surface anomaly detection problems with 
mobile phone’s embedded accelerometer, wavelet packet decomposition for feature 
extraction, feature selection methods, and one-class support vector machine for 
classification. The achieved results are promising. As shown in Fig.5, one-class 
anomaly detection could be done very accurately. Our best true positive rate was 
100%. These results are surprisingly good with our limited and unbalanced data sets. 

In the data collection, some of the timestamps were corrupted and anomalies 
mislabeled due to limitation of hardware. This gives some extra challenge to data 
analysis. Thus, development of a proper data collection framework is essential in 
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order to obtain reliable and stable results for real-time classification system in real 
production environment. 
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