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i. Abstract 

There are several methods to measure surface evenness for car roads, but almost none for 

bike paths. Accordingly, VTI (the Swedish National Road and Transport Research Institute) 

have created a smartphone application which uses the accelerometers in the phone to 

measure the vibration from the road. This report’s aim is to analyze the data collected using 

this application, investigate if the data is repeatable, to find factors that are important for 

evenness and perform classification of bike paths as even or wiggly. 

Two main methods were used, Gaussian process and wavelets. Gaussian process was used 

to classify bike paths and wavelets to investigate the repeatability and see how many trips 

are needed to get a consistent result. 

The results show that the two different smartphones gave quite different results; one 

smartphone indicated almost twice as high RMS values (measure of vibration) than the 

other. The GPS positions of smartphones were quite good, except under a tunnel and close 

to high buildings. Some short section of the road gave very high or very low RMS values, 

but the general standard of all investigated bike paths were too even to detect any significant 

differences between the paths. The results show that there’s some unexplained variance in 

the turns, but the effect of the turns hasn’t been tested. The wavelets analysis show that 

around 15 trips were needed to get a consistent result. 

The report contains a description of a designed experiment that will continue this project. 

This new data will be collected in a more carefully to make a better separation between 

good and bad cycle routes by the RMS value.  
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1 Introduction 

The background, a note about the client VTI, objectives, the purpose and the disposition of 

the report will be presented here. 

1.1 Background 

Due to the global warming and other climatic changes, our lifestyles have to be changed to 

make our development sustainable. A major change would be if many people begin to use 

their bikes instead of cars. If more people cycle, it provides a better environment, better 

health and also safer roads and the benefits for society that more people are using their bikes 

are great. The potential of making this change is also large, since a lot of car trips are short 

enough to be replaced by bike trips instead. Approximately 70-80 % of all cars trips in the 

urban areas are shorter than 3-4 kilometers and most of the cycling trips are up to 5 

kilometers. (Gustafschöld & Ossbahr, 2011) 

Getting people shift from cars to bicycles, the latter must be more appealing. For longer 

trips, cyclists need roads that are safe and easy to ride on. A lot of steep slopes, sharp turns, 

small cycling roads where the cyclists have to swerve for other road users and intersections 

with cars can be avoided by good planning before the cycleways are constructed. 

When the pavement starts to deteriorate, cracks and pot holes can appear. This is an even 

bigger problem for cyclists than for car drivers. This is because there's a bigger risk of 

falling off a bike and it's also harder to cycle on a bumpy road. The car doesn't have the 

same problem if the road isn’t too bad. For car roads there are several methods to test the 

evenness of the road surface. This is usually done by measuring devices on cars that can’t be 

used on bike paths as bike paths’ construction is weaker than car roads’. (Niska & Sjögren, 

2007) 

Several methods to investigate these types of deterioration of the bike paths surface have 

been tested lately, for example by special (lighter) cars equipped with laser sensors or 

bicycles equipped with accelerometers. Only a few of them, for example SAVER, have 

tested how a cyclist perceives unevenness on the road surface (Niska & Sjögren, 2007). 
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Because of this, an application for smartphones was created and by attaching the 

smartphone on the bike it's possible to measure the vibration of the road surface. The vision 

is to collect a large amount of data using daily cyclists to investigate which roads needing to 

be repaired
1
.  

1.2 VTI 

This work is fulfilled in cooperation with VTI (the Swedish National Road and Transport 

Research Institute or Statens väg- och transportforskningsinstitut), which strives to increase 

the standard and safety in the Swedish transport system through research and development. 

The overall mission of VTI, which is stated by the government, is to conduct research and 

development concerning the infrastructure, traffic and transport sectors. The objectives are 

to conduct applied research motivated by societal requirements and to support 

multidisciplinary research competences and cooperate with universities engaged with 

related objectives. The Institute will work to fulfill the transport policy objectives by 

contributing to improve the knowledge within the transport topic. 

The institute cooperates with other research environments and players in the business sector. 

Correspondingly, VTI will have a key role in the development of future effective, greener 

and safer transport system, both in Sweden and internationally. Furthermore, VTI 

continuously improves the knowledge of the transport sector to contribute to a sustainable 

transport system. (VTI, 2013) 

1.3 Related work 

The most widely used method to measure road evenness is called International Roughness 

Index, IRI (International Roughness Index, 2013). This index was created by the United 

States National Cooperative Highway Research Program (NCHRP) in the early 1980’s to 

find a common measure for engineering agencies to measure roads. This method was later 

developed by the World Bank to compare road standards in developing countries. Many 

                                              

1
 Interview with Anna Niska and Leif Sjögren 
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other statistical tests have been performed, but none of them has been more efficient for 

measuring the roads real condition than IRI. When roads are (re)constructed, IRI can be 

used as bonus or penalties for the constructors in terms of the quality and also as the 

economic viability in road reconstructions can be determined by IRI. The IRI-model is 

based on the performance of a car travelling in 80 km/h over the road surface. Naturally, a 

bicycle travelling in about 20 km/h responds different to the road surfaces and earlier 

studies have also shown that there’s a week correlation between IRI and cyclists assessment 

of a road surface. That’s why IRI hasn’t been used in this project. (Niska & Sjögren, 2007) 

Up to my knowledge, there’s very little literature on measuring of evenness on bike paths. 

However, there are articles involving evenness on car roads which have been studied and 

some methods used in these articles are described below. 

In Bogsjö et al. (2010), the roughness on car roads in southern Sweden was analyzed by two 

different models; non-homogenous Gaussian process and Laplace Moving Average (LMA). 

The non-homogenous Gaussian process split up the roughness in two parts of waves, 0.1-5 

meters and 5-100 meters. Those can be combined together in so called MIRA spectra. LMA 

can be roughly represented by a kernel function with an infinite white noise process 

(independent Gaussian observations with mean 0 and variance σ
2
). A hybrid between these 

two was also used. All three models were tested and the hybrid model gave in general the 

best result, but the other methods also gave good results. 

In Shafizadeh et al. (2002), an experiment was made where volunteer drivers graded 40 

sections of the highway in Seattle, from 1 to 5. This information was gathered together with 

other data, such as the driver’s gender, car model, speed and IRI. ANOVA (Analysis of 

variance) was used to test whether or not mean values for different factors are equal. 

Further, probit and logit models are used, since the response is categorical. For continuous 

response, (linear) regression was recommended. Their results show that IRI is the most 

significant explanatory variable and that several factors from the probit and logic models 

also are significant. 

Tai et al. (2010) tested a similar approach as in this thesis’ project, by collecting data with a 
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tri-axial accelerometer in a smartphone attached to a motor cycle. They used two types of 

methods, Support Vector Machine (SVM) and Kendall tau rank correlation coefficient. The 

SVM method was able to detect road anomalies with a precision of 78.5 %. For the Kendall 

tau rank correlation coefficient, clustering from the three axis ranked several road segments 

and was compared with a visual evaluation of the road. The results from this test gave a 

very good result. 

1.4 Objectives 

The aim of this master thesis is to analyze the data collected on bike routes using the 

smartphone application. The data is collected using different types of phones, attached on 

different types of bicycles. Settings, weather, roads and people were also different. This 

gives a lot of mixed information that have to be analyzed. Accordingly, a simple mean value 

for every road may not show the true unevenness of the roads. By conditioning on all these 

variables, a classification for different roads can be done. 

The objectives can be split in a few questions: 

 Can the data be used at all or is it just noise, is it repeatable and valid? 

 Can the bike paths in Linköping be classified as good and bad? 

 How much do the results depend on person, cycle, phone, speed and weather? 

 How many repeated trips are required to get an enough stable result? 

1.5 Disposition 

The following chapter is about data used in this report, including variables collected using 

the application and some that were calculated during the work. Chapter 3 takes up the main 

methods, Gaussian process and wavelets as well as some other used methods as linear 

regression and ARIMA. The report continues with results in chapter 4, while chapter 5 

describes how VTI’s project will continue with a designed experiment. The last chapter 

summarizes and discusses the findings and suggests improvements.  
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2 Data 

Several employees at VTI have travelled to their work and back home several times with 

their smartphone attached to their bike. An application in the phone registered the vibration 

and position. In addition, some extra variables were collected or calculated during the 

process of work with the thesis. 

2.1 Data collection 

Employees at VTI cycled several times to their work and back home with the smartphone 

attached to their bike and recorded data with the application. Only one person's data will be 

analyzed in this report. These data represent 33 trips (one trip is one travel from the work to 

home or vice versa) collected about half of the times with a HTC Desire HD and other times 

with a Samsung SIII, but unfortunately not both at the same time. This length is about 1500 

meters, but the start and end locations are different sometimes. Therefore, only a middle part 

of just over 1,000 meters has been analyzed. 

There are more data available, 4 larger projects have been done and more will be done in 

other countries. In addition, one person has cycled all major bike paths in Linköping, but 

just one time. The RST-car (Niska & Sjögren, 2007), a car that measures the road surface 

with a laser, has also covered most of the cycleways network in Linköping. But since the 

data from other employees don’t cover the same roads to their work, this extra data wouldn’t 

help that much, except for validation of the models. The person’s data that has been used is 

the one with largest amount of trips. 

The two major smartphones platforms today are Android and iPhone OS. However, both 

phones used in this experiment are Androids. The reason for this is that it’s easier to get 

technical access to the phones and the open software solution of Android than for iPhone, 

(Nilsson et al. (2011)). Two different smartphones are used in this thesis (and even more 

types of smartphones by other cyclists) and those work a bit different. All smartphones use 

multitasking, meaning that several tasks are performed at the same time (Sieling & Moon, 

2009). Because of that, how much the phone is focusing on collecting the vibration measure 

from the accelerometer could differ, which may give more or less accurate results. The way 
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of measuring the vibration may also differ, and the frequency of collecting data points as 

well. Therefore, two different phones, the same bike and in the same road, could give 

different results. 

There are several brackets on the market that can be used to attach the smartphone to the 

bicycle, but the qualities of those are bad. Therefore, VTI built new brackets that hold the 

phone steadier. The application also takes pictures, which can be used to see larger holes or 

other problems on the road, for example to see if it’s raining. Because of that, the phone has 

to be placed at the cycle handlebar lying down for best result. 

2.2 Variables 

The following variables were generated by the application: 

 RMS (root mean square of the accelerometer signals, xyz directions) – the vibration 

from the road that the application capture 

 Length – the distance from start to end of data collection 

 East and North coordinates – GPS position for a given point 

Some extra variables were also created: 

 ID – to identify every trip 

 Smartphone – binary variable, 1 for HTC and 0 for Samsung 

 Direction – binary variable, 1 for to home and 0 for to VTI 

 Speed and acceleration 

2.2.1 Vibration 

The most important variable is RMS, which stands for Root Mean Square. This value is 

calculated as a combination from three different values from the accelerometer in the 

smartphone; vibration upward, sideway and forward and is done with very high frequency, 

800-1000 MHz. For all values within a 20 meters section, a mean value was calculated 

which is subtracted from all observations inside this section. These differences are squared 

and summarized and finally the square root of the sum is the RMS - Root Mean Square. 

(Nilsson et al. (2011)) 
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𝑅𝑀𝑆 = √∑(𝑥𝑖 − �̅�)2 . 

Later it will be shown that the smartphones gave very different RMS values; the average 

level in one of the smartphones was much higher than for the other smartphone. Therefore, 

standardized RMS values were calculated for all data point. 

𝑅𝑀𝑆. 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑𝑖𝑧𝑒𝑑 = 𝑅𝑀𝑆𝑖𝑗 − 𝑅𝑀𝑆𝑗
̅̅ ̅̅ ̅̅ ̅. 

where i = 1:nj, j = 1,2 (the smartphones) and RMSij is the RMS value for observation i with 

smartphone j. The new variable has the same mean value of RMS for both types of 

smartphones, 0. 

2.2.2 Speed and acceleration 

Speed is possible to measure with most of the smartphones, but wasn’t provided by the 

application. It will be shown later that the data points close or in corners are collected with 

shorter distance than those on straight roads and one can calculate the speed accordingly.  

An assumption that a constant time interval, rather than a constant distance interval, would 

be decisive when an observation was collected was made. This suggests that the relative 

speed is proportional to the distance between two points. Also acceleration was calculated in 

a similar manner, the acceleration in the current point is equal to the difference between the 

speed in the current point and the previous point. 

2.2.3 Coordinates 

Length could have been a perfect variable to match data from different trips together. 

Unfortunately, this measure isn’t exact. Two points with the distance of 1000 meters in 

reality could differ with over 200 meters in the data files. Therefore, this measure doesn’t 

provide accurate values. 

Instead, the GPS positions were used to match the data from almost the same position 

together. By comparing the coordinates of the maps available on the Internet so are most of 

these points on or near the road. 

But since it’s harder to visualize data in three dimensions, for example GPS coordinates for 
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north and east together with RMS values, the GPS positions were reduced to only one. An 

average route was created from a map with new GPS coordinates for approximately every 

20 meter, the same distance as the application collects new data points. The 1
st
 point is 

added close to VTI’s head office and the 53
rd

 and last point is close to the home. All data 

points were then assigned (projected) to the closest coordinate at the correct route. The 

projection wasn’t good enough for 20 meter distance; therefore, extra coordinates were 

added between those. The average route was produced in two steps. First step was to create 

an average route with just a few coordinates selected from a map every 20 meter, called 

basic coordinates. Between every point, 9 more points, called super coordinates, were 

evenly spread between these coordinates. A linear interpolation was used to produce new 

coordinates between the original coordinates. This forced all the new coordinates to be on 

the bike path. All collected data points were then projected to the closest of the super 

coordinates, and hence data points collected at similar position will be analyzed together. 

The 1000 meters long route was reduced to 53 GPS coordinates, one every 20 meter. The 

route is divided into five sections, separated by cross sections, each one marked with a color 

and a symbol. Section 1 is the top part (close to VTI’s head office) and section 5 is down to 

the left (near the employee’s house). The black round symbols indicate which coordinates 

starting a new section, at each cross section. Section number 4 passes under a road (tunnel) 

and it’s expected that the GPS positions will be less accurate there. The average road is to be 

found in the next figure. 
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Figure 2.1: The selected basic coordinates for the average road 

The selected basic coordinates are shown in Figure 2.1. It’s possible to see that the collected 

data points are closer to each other in corners than on straight roads. It’s assumed that the 

speed is slower in the corners, which provides more frequent measurements than when the 

speed is high. Therefore, the coordinates for the average road were placed closer in corners. 

Between these basic coordinates, extra super coordinates were added every second meter. 

The result looks like this. 
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Figure 2.2: Average road with super coordinates 

In Figure 2.2, the super coordinates are shown. All data points can now be assigned to the 

closest super coordinate (a basic coordinate is also a super coordinate) and also to a 

subsection between two basic coordinates. Subsection 1 contains all the observations 

projected to a coordinate from basic coordinate 1 and all super coordinates up to, but not 

including, basic coordinate 2 and so on. The last subsection, 53, only contains the 

observations from the last basic coordinate.  
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3 Methods 

Two main methods will be used in this report, Gaussian process (GP) and wavelets. GP is 

mainly used for analysis and prediction of the roads. Wavelets were used to investigate 

repetition and accuracy of the application. GP is done in R, by a modified code from 

(Keirstead, 2012). Wavelet analysis is done in SAS 9.3, with wavelets procedures. Some 

other methods, like linear regression and ARIMA, were used as well and will be presented 

here briefly. 

3.1 Gaussian process 

A Gaussian process (GP) is based on the assumption that every point in a time series is 

normally distributed and the collection of these distributions is a multivariate normal 

distribution (Rasmussen & Williams, 2006). The general GP model is defined by a mean 

vector and a covariance matrix: 

𝑦𝑖 =   𝑓(𝑥𝑖) + 𝜀𝑖, where 

𝑓(𝑥)~ 𝐺𝑃(𝑚(𝑥), 𝑘(𝑥, 𝑥′)) and 

𝜀𝑖  ~𝑁(0, 𝜎2) ,  

independent and identical distributed error terms. 

m(x) is the mean vector for all input values x. The covariance structure is built up by the 

kernel function k(x, x’), which gives strong correlated values for data points which x-values 

lying close together and less correlated otherwise. The kernel function for two elements, xp 

and xq, is: 

𝑘(𝑥𝑝, 𝑥𝑞) = 𝑒𝑥𝑝 (−
1

2𝑙2
(𝑥𝑝 − 𝑥𝑞)

2
), 

where l is the length scale regulating the correlation between the data points. 

The covariance matrix includes a diagonal matrix with σ
2
 on the diagonal and 0 otherwise. 

Since data points from the same time series may be higher correlated than with other 

observation, the diagonal matrix was a bit modified, according to the next formula. 



12 

 

𝛴 = σ2 ∗  [
𝛺1 ⋯ 0
⋮ ⋱ ⋮
0 ⋯ 𝛺𝑁

],  

where N = the number of times series, 

𝛺𝑖 =

[
 
 
 
 

1 𝜙 𝜙2 … 𝜙𝑛𝑖−1

𝜙 1 𝜙 … 𝜙𝑛𝑖−2

𝜙2

⋮
𝜙𝑛𝑖−1

𝜙
⋮

𝜙𝑛𝑖−2

1 … 𝜙𝑛𝑖−3

⋮ ⋱ ⋮
𝜙𝑛𝑖−3 … 1 ]

 
 
 
 

, 

where ni = the number of observation in time series i and ϕ ϵ [-1;1]. If ϕ = 0, the diagonal 

matrix is recreated. 

The posterior distribution of f* for a GP at a new set of locations X* (a grid with selected x 

values that will be used in the estimation) can be summarized like this: 

𝑓∗| 𝑋, 𝑦, 𝑋∗~𝑁 (𝑓∗̅, 𝑐𝑜𝑣(𝑓∗)), where 

𝑓∗̅ = 𝐸[𝑓∗| 𝑋, 𝑦, 𝑋∗] =  𝐾(𝑋∗, 𝑋)[𝐾(𝑋, 𝑋) +  𝛴]−1𝑦,  

where y = the response variable and 

𝑐𝑜𝑣(𝑓∗) = 𝐾(𝑋∗, 𝑋∗) −  𝐾(𝑋∗, 𝑋)[𝐾(𝑋, 𝑋) +  𝛴]−1 𝐾(𝑋, 𝑋∗). 

To estimate the hyper parameters, ϕ, σ and l, ARIMA and (log) marginal likelihood (ML) 

were used. ϕ was estimated by an AR (1) process for every trip. The coefficients from all 

trips were checked and the mean of those became the estimate. If that value becomes too 

low, or non-significant, ϕ should be set to 0 and the original formulas, Σ = σ
2
I, for the 

covariance matrix should be used instead. 

The hyper parameters σ and l were estimated by (log) marginal likelihood. The equation to 

maximize looks like this: 

𝑙𝑜𝑔 𝑝(𝑦|𝑋, 𝜃) =  −
1

2
 𝑦𝑇𝑐𝑜𝑣(𝑓∗)

−1𝑦 − 
1

2
 𝑙𝑜𝑔|𝑐𝑜𝑣(𝑓∗)| − 

𝑛

2
 𝑙𝑜𝑔 (2𝜋). 

The σ and l that maximize this expression is chosen to be the parameters in the model. 
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To find out the quality of the bike paths, threshold values were used in this report to 

determine which roads are good or bad. This can be done for both single points but also 

several coherent subsections. One way to find the joint probability of the parts where the 

RMS value is higher (lower) than the threshold is to integrate out all the other parts, but 

there’s an easier way, a Bayesian approach to simulate from posterior distributions. By 

counting the number of times all the simulated values is above (below) the threshold and 

divide by the number of simulations, gives the probability that the common standard of 

roads is worse (better) than the threshold. 

3.2 Wavelets 

Wavelets (Percival & Walden, 2004) is a quite new method (from 1983) which filters out the 

noise in the data. If the data is represented by a time series (or a signal), every change in the 

curve can be represented by a coefficient. All changes, small or big, are decomposed into 

several levels with coefficients, lower levels for long term changes and higher levels for 

short term changes. There’re two types of wavelets, continuous (CWT) and discrete 

wavelets transform (DWT) and DWT is the one that will be taken up in this report because 

the input data is discrete. 

Wavelets means ‘small waves’ and is build up by a lot of small curves. A function ψ(x) is a 

wavelets function if it fulfills two criteria: 

∫ ψ(u)du = 0 and 

∫ ψ2(u)du = 1, called ‘unit energy’ property. 

A wavelets function ψ (x) is an almost flat function, with a few spikes where small and big 

changes are detected in the time series (Hastie et al. (2008)). Every change results in a 

coefficient, a spike, which tells how the change looks like; all such coefficients are collected 

into a matrix denoted as W (see Figure 3.1). The lowest level corresponds to long-term 

trends. Moving upward, denser intervals are investigated and the coefficients are calculated. 

Those spikes can then be summarized from bottom to top (Figure 3.2) and, without any 

penalty term, recreate the original time series or signal again. The first level V0 is constant, 

the other are built up as: 
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𝑉𝑗+1 = 𝑊𝑗 ⊕ 𝑉𝑗,   

where ⊕ means that Wj and Vj is orthogonal to each other. 

 

Figure 3.1: An example of how coefficient plots look like 

 

Figure 3.2: An example of how the multiresolution approximation plots looks like 

To select the coefficients, θ, the following function is to be minimized: 

𝑚𝑖𝑛𝜃 ||𝑦 − 𝑊𝜃||2
2 + 2 ∗ 𝜆 ||𝜃||1. 

To avoid over fitting, small or insignificant coefficients, a penalty term λ is added. A 

common choice of λ is σ*√(2logN), where σ is the standard deviation of the noise and N is 
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the number of observations. It can be shown that all coefficients below this value are likely 

to be white noise (independent Gaussian observations with mean 0 and variance σ
2
).The 

optimal θ can be found as: 

𝜃𝑗 = 𝑠𝑖𝑔𝑛(𝑦𝑗
∗)(|𝑦𝑗

∗| − 𝜆)
+
. 

Two common wavelets functions are Haar (Daubechies 2) and Symmlet (Symmlet 8). Haar 

wavelets appeared earlier; it’s the easiest to explain but hard to use since it’s too coarse. 

Symmlet is a continuation of Haar with inverse properties; it’s harder to understand but give 

better and smoother results. (Hastie et al. (2008)) 

In this report, every trip will be represented as a time series with super coordinates as 

explanatory variable (as time) and (standardized) RMS as response. With the 

decomposition, both short time (holes, cracks) and long time (more general evenness) 

differences can be found. 

3.3 Other methods 

Some other methods were used briefly in this report and will be described briefly here. 

These are confidence intervals, two-sample t-test, ARIMA-models and linear regression. 

3.3.1 Confidence intervals 

A mean value doesn’t say anything about how close to this value most of the observations 

are (Bowerman et al. (2005)). Instead, confidence intervals can be used to explain the 

variation in data. A 95 % confidence interval can be calculated like this: 

𝑋 ̅ ± 𝑡0.975∗𝑠

√𝑛
,  

where X ̅is the mean value, t0.975 comes from the t-distribution, s is the sample variance and n 

is the number of observation. 

3.3.2 Two-sample t-test 

Two-sample t-test is used to find any differences between two groups’ mean values, m1 and 

m2 (The Two-Sample t-Test). The hypothesis looks like this:  
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Ho: m1 = m2 

Ha: m1 ≠ m2 

 

By estimating the variances for both groups, s1
2
 and s2

2
, a pooled variance can be estimated 

if each group’s variance are almost equal like this: 

𝑠𝑝
2 = 

(𝑛1−1)𝑠1
2+ (𝑛2−1)𝑠2

2

𝑛1+𝑛2−2
. 

This resulting in a test statistic t, which can be calculated as follows: 

𝑡 =  
𝑚1− 𝑚2

𝑠𝑝
2[

1

𝑛1
+ 

1

𝑛2
]1/2

. 

By comparing this value with the t-distribution (df = n1+n2-2) gives the p-value. A p-value 

below 0.05 means that the mean values for the two groups is different. 

3.3.3 ARIMA 

ARIMA, integrated autoregressive moving average, is a method to analyze time series 

(Cryer & Chan, 2008). This part is a continuation from the Gaussian process to estimate ϕ, 

the autoregressive part, in Σ. Autoregressive means that observations regress on themselves, 

meaning that some correlation between data points following each other is needed. A 

general AR(p) process can be written like this: 

𝑌𝑡 = 𝜙1 𝑌𝑡−1 + 𝜙2 𝑌𝑡−2 + ⋯+ 𝜙𝑝 𝑌𝑡−𝑝 + 𝑒𝑡. 

where Yt is the current observation , Yt-1 is the previous observation, et is an error term for 

the current observation and ϕ is the autoregressive coefficient. ϕ always takes a value in the 

interval [-1;+1], where -1 means strong negative autocorrelation, +1 means strong positive 

correlation and 0 indicates no correlation at all. In this report, only AR(1) processes have 

been used, which simplify the formula to: 

𝑌𝑡 = 𝜙1 𝑌𝑡−1 + 𝑒𝑡. 

The estimation of ϕ was done in R for every trip. Every analysis resulted in an estimate of ϕ 

and its standard error. A general rule is that an estimate is significant if the absolute value of 

the estimate is at least 2 times higher than the standard error. 
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3.3.4 Linear regression 

Linear regression is one of the most popular statistical methods (Bowerman et al. (2005)). It 

assumes a linear relationship between a dependent variable, Y, and one or several 

independent variables, X. In the simplest case, only one independent variable is used. An 

easy way to visualize the relationship is with a scatter plot. The regression model looks like 

this: 

𝑌𝑖 = 𝛽0 + 𝛽1𝑋𝑖 + 𝜀𝑖,  

where β0 is the intercept, β 1 is the slope and εi is the error term. An output from a regression 

analysis often includes standard errors and p-values for the β. If the p-value is less than 

0.05, the relationship between the independent variable and the dependent variable is 

significant.  



18 

 

4 Results 

This section contains the results that can be presented. It starts with a descriptive analysis, 

including comparisons between variables and standard confidence intervals, to see if there 

are any changes between the subsections. This is followed by the classification of the road 

by Gaussian process in two steps, one for estimation of hyper parameters and one for 

estimation of the road, which can be compared to the standard confidence intervals. Finally, 

the repeatability is studied, where wavelets have been used to find out how many trips that 

are required to get a stable result. 

4.1 Descriptive analysis 

4.1.1 Accuracy of GPS positions 

Since this smartphone application is new, the RMS value may depend on several factors. 

This part will analyze the employee’s all trips to work and back home from several aspects. 

These are for example if the person: 

 Travels the exact same way every time 

 Which part of the trip that can’t be used 

 If there are differences between data from different smartphones 

 Differences related to the direction - to the work and back home 

These issues have to be investigated before the analysis of the road quality can continue. 

The employee travelled to his job and back home 33 trips with two different phones, HTC 

and Samsung. The following plot shows the GPS positions of all trips; this is an 

investigation if the employee had followed the same road for all trips. 
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Figure 4.1: GPS coordinates for all trips to work and back home using different 
smartphones 

Figure 4.1 shows that the employee has followed almost the same track for all observations 

to the right of the vertical line. Some points close to VTI (top left) are recorded far away 

from his regular route. That can depend on the actual start position when the GPS starts to 

deliver positions or that the employee possibly deviated from the normal start point. It’s 

important to remember that the GPS signal gives different accuracy depending on the 

constellation of the satellites and how many satellites that are visible (time of the day, if the 

surroundings are covered by buildings and if there’re disturbances in the atmosphere like 

clouds). The HTC (black triangles and blue crosses) has several misplaced positions to the 

right of the line and especially one recorded trip had several GPS position registered outside 

the average road. According to the employee, the GPS in the HTC may have technical 

limitations compared to the Samsung. To avoid those obvious errors, this trip will be deleted 

from the analysis. They will still include variations related to GPS accuracy and the actual 

chosen trip. The chosen trips are estimated to laterally vary about maximum 1-1.5 meters. 

Only the observations to the right of the vertical line will be analyzed from now on. This 

route is approximately 1000 meters long. 
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4.1.2 Comparisons between variables 

The following three tables show differences in RMS, depending on the phones, the direction 

of the trip and combinations of phone and direction. 

Table 4-1: Mean value and standard deviation of RMS for different smartphones. 

Smartphone HTC Samsung 

Mean value 0.178 0.316 

Standard deviation 0.081 0.074 

P-value < 2.2*10
-16

 

 

Table 4-2: Mean value and standard deviation of RMS for different directions. 

Direction To home To work 

Mean value 0.259 0.271 

Standard deviation 0.100 0.101 

P-value 0.6505 

 

Table 4-1 demonstrates that the Samsung gives much larger values of RMS, almost twice as 

high. The variation between the phones and the directions is almost identical, according to 

Table 4-2. The reason to investigate differences between directions is that the road maybe 

has bigger holes at one side of the bike path and also that uphill and downhill may give 

different results. 

Table 4-3: Mean value and standard deviation of RMS for both smartphone and different 
directions. 

Smartphone/Direction HTC/Home HTC/Work Samsung/Home Samsung/Work 

Mean value 0.187 0.171 0.319 0.314 

Standard deviation 0.079 0.082 0.073 0.073 

P-value 0.02035 0.7729 

 

Table 4-3 shows very inconsistent results. According to Table 4-2, there are no differences 

between the directions. However, there are differences between the directions if data is 

divided with respect to the smartphones. Values from the HTC gives that direction is 

significant, while the values from the Samsung shows the opposite. 
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These findings are the reason to compute the standardized RMS value in chapter 2.2. 

4.1.3 Variable selection 

To include all the variables would take too much time and some of them are probably not 

essential. Therefore, a variable selection was made to select the most important variables. 

Smartphone and direction have already been tested and the results from that were confirmed 

again with a simple regression. RMS was response variable against smartphone and 

direction as explanatory variables. The p-value for smartphone was extremely low and for 

directions the p-value was 0.24, much higher than the normally used 0.05, which means that 

smartphone significantly differs from 0 but direction doesn’t. 

Once again direction was used in a linear regression, this time against standardized RMS. 

The p-value for direction was much worse this time, 0.88. It can be concluded that direction 

doesn't affect the RMS value. 

Speed, acceleration and ID (of every single trip, as dummy variables) were also tested 

against standardized RMS in linear regressions which resulted in non-significant results. 

The explanatory variables were tested both individually and together. Only one trip was 

significant at 5 %. The coefficient of speed was actually negative, indicating that lower 

speed gives more vibration. 

4.1.4 Confidence interval 

A 95 % confidence interval will show how the bike paths’ surfaces are different from each 

other. All points assigned to the same subsection (all points between two basic coordinates) 

are analyzed together with the standardized RMS as response. 
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Figure 4.2: Mean value and confidence band for every subsection, the dotted lines shows 
were the sections starts and green circles are original data points RMS values 

Figure 4.2 shows that some subsections definitely are significantly different from 0 because 

those points’ intervals are either lower or higher than the average line. But not for any 

section, the whole curve and interval is above or below the mean value. Close to the second 

section break, there are two high peaks close together with a lower value between them. 

Generally, the result is quite varying and uneven. 

4.2 Classification of road surface’s quality 

The estimation of surface quality was analyzed with Gaussian process in two steps, 

estimation of the hyper parameters (ϕ, σ and l) and the estimation of the road. 

4.2.1 Estimation of hyper parameters 

To test the auto correlation between two data points, following each other, an AR(1)-process 

was estimated for every trip. The results look like this: 

Table 4-4: Summary of AR(1)-process for estimating ϕ, the autoregressive coefficient 

Min 1st quartile Median Mean 3rd quartile Max 

-0.23 -0.082 0.0075 -0.0040 0.069 0.26 
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The result in Table 4-4 shows very low (absolute) values for ϕ. The strongest value is 0.26 

and the mean value is close to 0. Interesting is that most of the negative autocorrelated trips 

went to home and the positive correlated trips went to VTI. So the AR(1) process was once 

again tested, this time with the directions separated. 

Table 4-5: Summary of AR(1)-process to VTI. 

Min 1st quartile Median Mean 3rd quartile Max 

-0.23 -0.012 -0.074 -0.064 0.0078 0.069 

 

Table 4-6: Summary of AR(1)-process to home. 

Min 1st quartile Median Mean 3rd quartile Max 

-0.059 -0.015 0.076 0.077 0.12 0.26 

 

Table 4-5 and Table 4-6 show some small differences between directions, but still not large 

or significant enough. The standard errors of the coefficient were around 0.13 for most of 

the trips. The value of ϕ is significant when the absolute value is at least two times higher 

than its standard error, which wasn’t the case here. Since no significance results were found, 

ϕ will be put to 0 and the standard formulas, with Σ = σ
2
I, will hereafter be used. 

The optimal values for σ and l were found by numerically maximize the marginal likelihood 

and σ = 0.067 and l = 3.37 were the best choices. Several other values for σ and l were also 

tested, but no result was better than this. 

4.2.2 Estimation of road sections 

Given the best values selected for ϕ, σ and l, the estimation for the different road sections 

(or actually subsections) can be done. A graph for all subsections (20 meters intervals) looks 

like this. 
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Figure 4.3: Posterior mean and interval for the mean curve, thresholds (quartiles) of 
standardized RMS and original data points 

Figure 4.3 shows that the estimate of posterior mean (the curve) several times crosses the 

mean value of 0, indicating that there are no long sections of the road that are better or 

worse than the average standard for this road. Around the curve, there’s also a 95% interval 

for the posterior mean, showing between which values the estimate with 95% probability is. 

A difference from the standard confidence interval (Figure 4.2) is that the curve now is 

smoother than earlier. This is because of the of covariance structure that assumes 

smoothness between neighboring data points. 

The dotted blue lines indicate the quartiles of the standardized RMS and can be used as 

thresholds for classifying the subsections. The higher quartile can be used to detect the bad 

roads and the lower quartile can be employed for recommend the most even paths. 

Instead of using the index coordinates, it may be easier to use GPS positions to more 

accurately show where the good and bad parts of the road are located. So let’s show Figure 

2.1 again, this time with a color and symbol to visualize the road surface’s standard. 
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Figure 4.4: Coordinates with color scale, indicating where good and bad subsections are 
detected 

Every coordinate in Figure 4.4 has a symbol and a color, indicating the evenness for that 

subsection. The round green points are where the road is very good and even, red diamond 

shaped points indicates a road where the surface is a lot worse than other subsections and 

yellow triangles indicates where the surface has average standard.  The best parts appear 

mainly at long straight roads, while the worst parts are in or close to the corners. The best 

part is the straight road close to VTI (top) and the worst parts is where the road turns a lot. 

The person who travelled and collected this data has described the road like this: 

Referencing to the section numbering in Figure 2.1, section 1 is the smoothest while section 

4 and 5 are worse. Section 2 is generally good except for a point where a car road crosses 

the path (actually measured as a red dot in Figure 4.4) Also in the end of section 2 (close to 

section 3) the bike path was dug up during the bike rides and a sharp edge was created that 

resulted in a local unevenness (also detected in Figure 4.4 as a red dot). A minor uneven 

part of section 2 in the end close to a sharp curve can also be identified as a bump 

experienced by the rider (also marked with an orange dot in Figure 4.4). Section 4 is 

entrance/exit and through a tunnel. Section 5 is the oldest pavement but with a good 

standard. 

According to this description and Figure 4.4, the method was able to find the most 

important parts of the route. 
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Consider the probability that the (standardized) RMS values for several subsections’ are 

above or below the quartiles. Three sections will be investigated, subsections 7 to 9 (even 

surface), 16 to 19 and 32 to 35 (both bad surface), those parts in Figure 4.3 which were far 

away from the mean value of 0. By simulations, the following joint probabilities were 

found. 

Table 4-7: Probabilities that all selected subsections are better than first quartile q1. 

Subsections 7-9 7-8 8-9 9 

Pr (s < q1) 0.717 0.997 0.7175 0.7175 

 

The probability that all parts of the road from subsection 7 to 9 is better than the threshold is 

quite high, almost 72 %, according to Table 4-7. The probability is even higher if only 

subsections 7 and 8 are analyzed, 99.7 %. This is definitely a part of the road that could be 

recommended to other cyclists to use. 

Table 4-8: Probabilities that all selected subsections are worse than third quartile q3. 

Subsections 16-19 16-18 17-19 17-18 

Pr (s > q3) 0.0085 0.07 0.2305 >0.9995 

 

Table 4-8 shows that subsections 17 to 18 are really bad; no simulation gave any of those 

two parts a value below the threshold. In Figure 4.3, it looked like the intervals, or at least 

some parts of the intervals, for subsections 16 and 19 were above the quartile, but with these 

numbers it’s clear that was just a few times. 

Table 4-9: Probabilities that all selected subsections are worse than third quartile q3. 

Subsections 32-35 32-34 33-35 33-34 

Pr (s > q3) 0.8035 0.8575 0.943 >0.9995 

 

The probabilities from the last interval are much higher, indicating a longer section with bad 

road surface. For all four subsections, Table 4-9 shows that with 80 % probability, the road 

surface standard is worse than the threshold value and for the middle subsections, 33 to 34, 

it’s almost certain. 
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4.3 Repeatability 

With wavelets methods, the repeatability of the application is tested. It starts with an 

analysis of all 33 trips together to find spikes as a so called target pattern, which can be used 

to detect the road’s problems. After that, the same analysis was made with fewer trips to see 

how many trips that are required to get a good result. With good results means that spikes 

and patterns that can be found are similar to the target and to each other. The target, with a 

special type of threshold by SAS called ’Soft’, looks like this: 

 

Figure 4.5: Coefficients (spikes) for all trips together (target) 

Figure 4.5 shows where the most important changes of the road’s evenness take places when 

all data is used for analysis. Most of the spikes are at levels 3 to 5. At some levels, or parts 

of some levels, there are a few or no significant spikes at all. This is for level 1 and for 

levels 8-10. Levels 6 and 7 have just a single spike. 

At level 0, the first spike is down which indicates that the first half of the road is better than 

the second half. Level 1 is empty but level 2 has two spikes, one small downward at the 

beginning and one larger upward shortly after. This means that the second quarter is worse 

than the beginning, but because of level 0 it still better than the third and fourth quarter. 

Then this continues level for level until the top. The final result is easier to see in the next 

graph. 
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Figure 4.6: Summarized pattern for all trips together (target) 

In Figure 4.6 have all levels from the last graph summarized from bottom to the top. It starts 

with the general evenness for longer parts and continuing with the short changes in road 

quality, like holes. In the last graph, the low levels show the patterns that were described 

earlier. From level 7 and above, there’s a hill after just half the trip. Here is the longest part 

of the road with bad quality and unevenness. The best part is the short valley just in the 

beginning. From the earlier graph, Figure 4.5, some quite large spikes were shown at high 

levels. This result in a pattern that’s very unsmooth for some parts in levels 9 to 11. In these 

locations there are probably holes, pavement edges, or other temporary problems. 

Figure 4.5 demonstrates the target pattern which is baseline that will be compared with a 

subset of the same data, to see if this result can be replicated. Since the number of 

observations is only half or less compared to all trips, the top level in the target isn’t 

possible to calculate for the subsets. Also spikes for the highest levels are hard to replicate at 

the exact location, since some super coordinates in the subset may be missing. 

First, the result from 16 trips (half the number of total trips) will be shown and then 

continues this with one less trip every time. For a given number of trips, two subsets will be 

created and analyzed. The focus will be to analyze and compare the graphs with the target, 

but also similarities between them.  
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4.3.1 Repeatability with 16 trips 

 

Figure 4.7: Coefficients (spikes) for 16 trips subset A 

The result in Figure 4.7 is a bit different for the lower levels compared to the target pattern, 

but for levels 4 and 5 there are several identical spikes. Also for the top levels, several 

spikes are replicated from the target graph. The second subset, Figure 4.8, for 16 trips has 

many spikes almost identical to this graph as well. Especially levels 1 and 2 and the middle 

part of level 4. 

 

Figure 4.8: Coefficients (spikes) for 16 trips subset B 
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Figure 4.9: Summarized pattern for 16 trips subset A 

Also in Figure 4.9 the pattern is very similar to the target, especially for the middle levels. 

The ups and downs at levels 9 and 10 are replicated here. The second subset, in Figure 4.10, 

shows the same pattern as well, at least up to level 5. The conclusion is that 16 trips are 

enough to obtain a pattern similar to the target pattern. 

 

Figure 4.10: Summarized pattern for 16 trips subset B 
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4.3.2 Repeatability with 15 trips 

 

Figure 4.11: Coefficients (spikes) for 15 trips subset A 

The low levels differ compared to the target, but gets more equal for levels 3 to 5, according 

to Figure 4.11. To find similar pattern for higher levels are of course hard, but at least some 

spikes from the target graph are to be found. The second subset, in Figure 4.12, has almost 

identical spikes for levels 0 to 5 and also some spikes at the top levels. 

 

Figure 4.12: Coefficients (spikes) for 15 trips subset B 
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Figure 4.13: Summarized pattern for 15 trips subset A 

Since the lower spikes aren’t equal to the target becomes the pattern in Figure 4.13 very 

different to the target pattern as well. But for levels 5 to 10 the pattern is very similar 

compared to the target. The pattern from the second subset, Figure 4.14, shows identical 

pattern to the first subset, indicating that 15 trips are enough to get a good result, at least 

from level 5 and below. 

 

Figure 4.14: Summarized pattern for 15 trips subset B 
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4.3.3 Repeatability with 14 trips 

 

Figure 4.15: Coefficients (spikes) for 14 trips subset A 

In Figure 4.15 there are some identical spikes with the pattern, but not all. Level 4 and the 

middle of the trip provide good results. It’s also good that some spikes are identified at the 

top levels. Also the second subset, Figure 4.16, has problem to replicate the target result. 

Only the second half of levels 1 and 4 are similar between the subsets. 

 

Figure 4.16: Coefficients (spikes) for 14 trips subset B 
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Figure 4.17: Summarized pattern for 14 trips subset A 

Figure 4.17 shows a very different pattern compared to the target. The pattern differ already 

at level 2 and are very dissimilar until level 6, from where the pattern are more similar to 

each other. The second subset, in Figure 4.18, is even worse, with much shorter interval 

between the waves (ups and downs). Hence it’s doubtful if 14 trips are enough to replicate 

the target pattern. 

 

Figure 4.18: Summarized pattern for 14 trips subset B 
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4.3.4 Repeatability with 13 trips 

 

Figure 4.19: Coefficients (spikes) for 13 trips subset A 

With only 13 trips it's hard to find any common spikes with the target. Figure 4.19 has only 

a few spikes that coincide with the pattern and much more that don’t. The best levels are the 

top ones, which find some of the spikes from the pattern. The other subset is even worse 

(Figure 4.20). It has a similar pattern to the first subset’s graph at levels 2 to 4, but not at 

other levels. Compared to the target pattern, there’s almost nothing in common. 

 

Figure 4.20: Coefficients (spikes) for 13 trips subset B 
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Figure 4.21: Summarized pattern for 13 trips subset A 

The top levels, 8 to 10, in Figure 4.21 are very similar to the target, but not below that. The 

subsets are similar to each other up to level 5, but after that they are shifting (see Figure 

4.22). The first is more flat and smooth while the second varies much more. 

 

Figure 4.22: Summarized pattern for 13 trips subset B 

Only using 13 trips seems not to be enough to get repeatable results. Fewer trips have been 

analyzed and those graphs show even worse results. So with data for every 20 meters, at 

least 15 trips or around 800 data points are required for this 1,000-meter-long route.  
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5 Future work 

This thesis is part of a pilot project started by VTI and that’s why the data collection was 

disorganized. Focus in this study has been to see whether or not the data can be analyzed at 

all, given that just a little time and money has been spent. The next step in this project will 

be to collect new data, this time much more organized. The result from this experiment will 

not be presented in this report, since the date for the experiment was just a few days before 

this report was compiled. However, the planning of the experiment will be presented here. 

A similar project was conducted in Malmö in 2009, and a similar approach was used in this 

new experiment (Niska et al. (2011)). The focus was to determine exactly how accurate the 

RMS value is and to measure the RMS value for different types of surface. All other sources 

of errors and other variations were attempted to be removed. During this experiment cycled 

about 30 cyclists, with different experiences and knowledge of cycling, a 1000 meter stretch 

at Campushallen, Linköping University. Four different surfaces were used, good/even 

asphalt, bad/uneven asphalt, tiles and gravel. Only two bicycles were used, to reduce the 

differences between different people's runs. To measure the vibration, two different 

smartphones were used on each bicycle, HTC Desire HD and Samsung SIII. This to see how 

correlated the RMS value is from different phones. The report shows that the Samsung gives 

much higher values, but with equal variance. Is that just a shift in level or does the same 

section give different result using different phones? After riding, the test subjects answered 

questions about their background, their experience as cyclist and how they experienced the 

different road segments. After the test, the segments were carefully measured by the RST-

car, which uses lasers to identify all kinds of unevenness in the road. 

The next step in this project is to do the same experiment again, but this time, more aspects 

will be measured; to see how different travelers, smartphones, bicycle settings and so on 

affect the result. But before that, an evaluation of the RMS value has to be done to ensure 

that the application gives good results.  



38 

 

6 Discussion 

This master thesis is a part of a pilot project aimed to investigate road surfaces’ evenness 

with a smartphone application. The focus has been to clarify if the data is useful, how it 

should be analyzed and which improvements needed to get reliable results. The long term 

goal, to classify bike paths, has therefore not been top priority. This part will answer the 

questions from chapter 1.4 and also discuss the methods in this report. 

 Can the data be used at all or is it just noise, is it repeatable and valid? 

The data in this report has just covered 1 km of the cycleway network in Linköping and all 

parts have a surface that are at least quite good. The data material used is very noisy, with 

almost no part of the road with all collected data points’ RMS value above or below the 

mean value. That's a problem for analysis, since more different types of roads probably, or at 

least hopefully, should give more separated RMS values between the best and the worst 

roads.  But with multiple standards of surfaces, the data collected with the application 

should be possible to use. 

 Can the bike paths in Linköping be classified as good and bad? 

This question can't be answered right now. More data, from different types of road standard, 

are needed to get more reliable results. The longest continuous road sections with either 

good or bad quality were maximum 80 meters, surrounded with surface with opposite 

quality at the same road section. Detailed information about how the bike paths in this 

report look like has been missing, making it hard to compare the results to the actual road 

condition. Model to estimate the road’s quality is recommended for further analysis, a 

Gaussian process with length scale l = 3.37 and σ = 0.068, which is close to the standard 

deviation of the data. R code for estimating hyper parameters, including alternative formulas 

with extra correlation between data points from the same trip, can be found in Appendix. 

 How much do the results depend on person, cycle, phone, speed and weather? 

Only some variables have been tested, the remaining ones will be tested in the future. Two 

different phones were used, but not at the same time. Those gave very different result 

according to level, the Samsung has much higher values than HTC, but the variances were 
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almost the same. To overcome this, standardized RMS was computed, as observed value – 

average RMS regarding for phone. The problem now is that the result isn’t in terms of RMS, 

but as standardized RMS. 

Other important variables that aren’t in the original data were also discovered. Turns for 

instance, many of the highest values were recorded within or near the corners. This may be 

because the cyclist leans the bike when the road turns, which the smartphone perceive as a 

vibration. Maybe, this problem could be solved by a turn index. By comparing the 

coordinates from the current point with the next and previous point, this will result in two 

directions. If those are different, it means that the cyclist makes a turn. The greater the 

difference, the higher the index value, which should result in a greater RMS value. This 

hasn’t been tested in this report, due to lack of time. 

A key variable should be speed. Measuring speed isn’t a problem using a smartphone. But 

the data in this report didn’t include that information. A variable named speed (and also 

acceleration) was calculated, as the Euclidean distance between two points and with an 

assumption of a constant time interval. It didn't give any good results, probably because the 

assumption of constant time interval was wrong, but maybe there's an alternative 

explanation. It should have resulted in high RMS values at high speed and vice versa, but 

when the road is bad, or in corners where the RMS value increases, a cyclist naturally slows 

down the speed. Therefore, speed may, in some cases, have a negative correlation to RMS. 

Speed itself may actually be a good indicator for the surface evenness. If the speed is low, it 

may be due to a bad surface, or a turn, an uphill or maybe some other problem. But anyhow, 

speed, recorded by the smartphone, should in the future be saved and used in the analysis. It 

should also be said that speed had a non-significant coefficient in the regression analysis. 

An important discovery is that the extreme values were recorded at the start and end of the 

trips. Near the parking spaces for example, the accelerators in the smartphones picked up 

extremely high values that aren’t dependent on the road surface. This could be because of 

motions when starting to pedal the bicycle, sidewalk edges that have to be passed or just put 

the bicycle into the cycle racks. In this report, this has been solved by starting the analysis at 

a chosen point selected some distance from the starting and ending points. In the future, 



40 

 

when several different routes are tested, the best idea is to take away the first 100 meters. 

 How many repeated trips are required to get an enough stable result? 

The results from the wavelets analysis shows that 15 trips, or 800 data points at 20 meters 

distance, are required for this 1000 meter-long route. Even more trips gives of course even 

better results, but takes longer time to analyze and collect. If measurements will be taken 

more frequently, like 5 or 10 meters apart, more data will be collected and probably less 

trips are required to get repeated results. It can be suggested that the raw data, collected with 

800-1000 MHz in three different directions (upward, sideways and forward), will give the 

best result. If that doesn't give too much data to handle, it would be a better idea to use, 

rather of using the RMS value calculated by the application. 

 Discussion of methods 

Gaussian process is one of two recommended major methods. The idea is that the general 

standard for two points, lying close together at the same road, should be highly correlated. 

But two points, lying close together before and after a crossroad with different standard, 

may not be correlated. The same reasoning is also true for coordinates at straight road and 

coordinates in entrances of corners, which also may be less correlated. Some kind of 

modeling, which handles these types of events, may improve the result even more. 

The Gaussian process resulted in a posterior mean curve, which was used to detect better or 

worse roads, but it doesn’t say anything about how bad a road must be before it has to be 

repaired. This is something that has to be determined by an expert. It’s also an economic 

issue, i.e. how much money there’s for repairing. In some cases, it’s not just the quality but 

also the importance of the road that has to be taken into account. What are the socio-

economic benefits for repairing a bad road, less environmental impact and better public 

health if people cycle instead of driving cars? All these type of questions should lead to a 

utility function U, that describing the expected gains and loss to repair or not repairing a 

road. For example, if the cost is smaller than the gain of repairing a road or a shorter part of 

a road, then it should be repaired. The aim is to find all the decision which maximizes the 

utility function. But exactly how that should be done, and how large the gains and losses 
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are, is outside the scope of this report. 

Instead of using a formal utility function, this report has used threshold values to determine 

which roads are good or bad. The quartiles (25 and 75 %) of the standardized RMS values 

were selected. One could use stronger threshold, like 10 and 90 % instead of the quartiles, 

but for these data wouldn't that give good results since the interval around the mean curve is 

much narrower than that. The thresholds don’t have to be constant either; important bike 

paths could have lower thresholds than less important paths. Since it’s doubtful to use the 

quartiles as threshold values, with no studies on how good or bad a road surface is with this 

amount of vibrations, the idea behind this approach is most to illustrate how it could be 

done, for these or other thresholds.  

Wavelets have one big advance compared to Gaussian process: it can handle much more 

data. Gaussian process calculates the inverse of an n*n matrix (n is the number of data 

points), which makes the method very slow for large data sets. That’s not a big problem with 

wavelets. 

To summarize all findings, the idea of recording useful data with the application seems to be 

possible, but more analysis is needed. Since all trips results in individual files, it takes time 

to compile data from all trips together if the number of trips is large. Exactly how all data in 

the end should be put together, without too much modification with different phones, 

direction, deleting the starting points and so on will be an important problem to solve when 

the data collection from daily cyclists starts. 

Chapter 5, Future work, describes a future experiment where the main focus is to see which 

RMS values recorded for different surfaces and if it correlates to how different surfaces 

perceived by cyclists. It can be important to test really bad roads, so bad that they have to be 

repaired and see which RMS values, for different phones, those parts give. Those values can 

replace the threshold values in this report. Because that’s actually what it’s all about, to find 

the bike paths that needs to be repaired.  
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Appendix 

Gaussian process code in R 

#1. Projection 

#2. Gaussian process 

 

#1. Projection 

#Requires a data set with observations and their coordinates #ObsData 

#and a data set with correct coordinates of the road (PrimaryCoordinates) 

#CoordID (1:n), Section, North.G, East.G, NewSection(Binary) 

 

PrimaryCoordinates <- read.csv("PrimaryCoord.csv", sep=";", dec=".") 

names(PrimaryCoordinates)[3:4] <- c("North.G", "East.G") 

 

#Resulat av medelvägskoordinater - 5-färgad 

plot(ObsData[,4], ObsData[,3], col = 7) 

points(y = PrimaryCoordinates[,3], x = PrimaryCoordinates[,4],  

       col = (PrimaryCoordinates$Section+1), pch = 19) 

for (i in 1:nrow(PrimaryCoordinates)){ 

  if(PrimaryCoordinates$NewSection[i] == 1){ 

    points(y = PrimaryCoordinates[i,3], x = PrimaryCoordinates[i,4],  

           col = 1, pch = 19) 

  } 

} 

 

#SuperCoordinates 

SuperCoordinatesS <- NULL 

SuperCoordinatesN <- NULL 

SuperCoordinatesE <- NULL 

 

NoOfPoints <- 10 

for (i in 1:(nrow(PrimaryCoordinates)-1)){ 

  SuperCoordinatesS[((i-1)*NoOfPoints+1):(i*NoOfPoints)] <- 

rep(PrimaryCoordinates[i,2], NoOfPoints) 

   

  SuperCoordinatesN[((i-1)*NoOfPoints+1):(i*NoOfPoints)] <- seq(from = 

PrimaryCoordinates[i,3],  

to = PrimaryCoordinates[(i+1),3], length = NoOfPoints+1)[1:NoOfPoints] 

   

  SuperCoordinatesE[((i-1)*NoOfPoints+1):(i*NoOfPoints)] <- seq(from = 

PrimaryCoordinates[i,4],  

to = PrimaryCoordinates[(i+1),4], length = NoOfPoints)[1:NoOfPoints] 

} 

#Corner point belongs to the new section 
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#Plot with Super Coordinates 

plot(ObsData[,4], ObsData[,3], col = 7) 

points(y = SuperCoordinatesN, x = SuperCoordinatesE,  

       col = SuperCoordinatesS, pch = 19) 

points(y = PrimaryCoordinates[,3], x = PrimaryCoordinates[,4],  

       col = 6, pch = 19) 

 

SuperCoordinates <- as.data.frame(cbind(1:length(SuperCoordinatesS), SuperCoordinatesS,  

                                        SuperCoordinatesN, SuperCoordinatesE)) 

 

names(SuperCoordinates) <- c("Super.choice", "Section", "North.S", "East.S") 

 

#Projection 

#Consists of 3 parts 

 

#1. Primary choice, from PrimaryCoordinates 

#2. Super choice, from SuperCoordinates 

#3. Merging between Super choice and original observations in ObsData 

 

#1. Primary choice 

 

coord <- PrimaryCoordinates[,4:2] 

 

#Varje obs väljs till en av grundkoordinaterna 

#Every observation is selected to one of the primary coordinates 

 

tmp <- NULL 

for (i in 1:nrow(ObsData)){ 

  for (j in 1:nrow(coord)){ 

    tmp[j] <- ((coord[j,1]-ObsData[i,4])^2 + (coord[j,2]-ObsData[i,3])^2) 

  } 

  ObsData$Primary.choice[i] <- which.min(tmp) 

} 

 

#2. Super choice 

coord <- SuperCoordinates[,4:2] 

 

#Every observation is selected to one of the super coordinates close to its primary choice. 

#10 points before and 10 points after the primary choice is the candidates of super 

coordinates. 

 

tmp <- NULL 

for (i in 1:nrow(ObsData)){ #Data 1:n 
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  primary <- (ObsData$Primary.choice[i]*NoOfPoints)-NoOfPoints+1 #middle of possible 

super coordinates 

  candMin <- max(1,(primary-NoOfPoints)) 

  candMax <- min((primary+10), nrow(coord)) #Används inte 

  tmp <- rep(1000, (candMin-1)) 

   

  for (j in (primary-NoOfPoints):(primary+NoOfPoints)){ #candidates of super coordinates 

    tmp[j] <- ((coord[j,1]-ObsData[i,4])^2 + (coord[j,2]-ObsData[i,3])^2) 

  } 

  ObsData$Super.choice[i] <- which.min(tmp) 

} 

 

#3. Merging between Super choice and original observations in ObsData 

 

#Final choice 

#All data that belong to super.choice 1:10 gives final.choice = 1 and so on 

#Gives the specific subsection, not the best primary coordinate 

#Simplest by using floor+1 from super.choice 

 

ObsData$Final.choice <- (floor(ObsData$Super.choice/NoOfPoints))+1 

 

#Merging 

#Brings the section to every observation from supercoordinates 

FinalData <- merge(ObsData, SuperCoordinates, by = "Super.choice", all.x = T) 

 

#RMS, RMS.stand, ID, IDnr, North, East, (3,12,6,4,5) 

#Length, Speed, Acceleration, HTC, Hem (2,8,9,10,11) 

#Section, Final.choice, Super.choice, North.S, East.S (15,14,1,16,17) 

 

FinalData <- FinalData[,c(3,12,6,7,4,5,2,8,9,10,11,15,14,1,16,17)] 

 

#2. Gaussian process 

#Requires: Dataset FinalData 

#Packages: gptk, plotrix 

 

#This is a code written by James Keirstead 

#and modified by me to fit my work 

#The full code is found here: 

#http://www.jameskeirstead.ca/blog/gaussian-process-regression-with-r/ 

 

calcSigma <- function(X1,X2,l=1) { 

  Sigma <- matrix(rep(0, length(X1)*length(X2)), nrow=length(X1)) 

  for (i in 1:nrow(Sigma)) { 

    for (j in 1:ncol(Sigma)) { 

      Sigma[i,j] <- exp(-0.5*(abs(X1[i]-X2[j])/l)^2) 
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    } 

  } 

  return(Sigma) 

} 

 

#Works only for squared covariance matrix 

calcSigmaFast <- function(X1,X2,l=1) { 

  n <- length(X1) 

  Sigma <- matrix(rep(0, length(X1)*length(X2)), nrow=length(X1)) 

  X1matrix <- matrix(rep(X1, n), nrow = n, ncol = n, F) 

  X2matrix <- matrix(rep(X2, n), nrow = n, ncol = n, T) 

  Sigma <- exp(-0.5*(abs(X1matrix-X2matrix)/l)^2) 

  return(Sigma) 

} 

 

#Adding more correlation to observations within the same trip (ID) 

calcSigmaIDFast <- function(X1,X2, ID, phi = 0.3, sigma = 0.006){ 

   

  Sigma2 <- matrix(rep(0, length(X1)*length(X2)), nrow=length(X1)) 

  N <- length(X1) 

  indexlist <- NULL 

  indexlist[1] <- 1 

  count <- 2 

   

  for(i in 2:N){ 

    if(ID[i]!=ID[i-1]){ 

      indexlist[count] <- i 

      count <- count + 1 

    } 

  } 

  indexlist[count] <- i+1  

  nIndex <- length(indexlist) 

  #The indexlist now contains the observation number of the last data point for every trip 

   

  for(k in 1:(nIndex-1)){ 

    start <- indexlist[k] 

    stopp <- indexlist[k+1]-1 

    nPart <- slut-stopp+1 

     

    partMatrix <- matrix(0, nPart, nPart) 

    for(m in 1:nPart){ 

      for(n in 1:nPart){ 

        partMatrix[m,n] <- sigma^2*(phi)^(abs(m-n)) 

      } 
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    } 

    Sigma2[start:stopp , start:stopp ] <- partMatrix 

  } 

  return(Sigma2) 

} 

 

#Marginal likelihood estimate 

GP.optim <- function(hyperParam){ 

  x <- f$x 

  z <- f$z #index for different trips 

  y <- f$y 

   

  sigma <- hyperParam[1] 

  l <- hyperParam[2] 

  n <- length(y) 

  phi <- 0 

   

  k.xx1 <- calcSigmaSnabb(x,x, l = l, phi = phi) #Kf 

  k.xx2 <- diag(sigma^2, n) #sigma2*I 

  k.xx <- (k.xx1 + k.xx2) #Ky 

  k.xxI <- solve(k.xx) #Ky inverse 

   

  #Use determinant() wtih argument logarithm = TRUE, not det(). 

  logP <- (-0.5)*(t(y) %*% k.xxI %*% y)-0.5*determinant(k.xx, logarithm = 

TRUE)$modulus[1]-(n/2)*log(2*pi) #Maximera  

  return(as.numeric(logP)) 

} 

 

#The data to use, in the correct order 

ff <- FinalData 

ff <- ff[order(ff$Super.choice),] 

ff <- ff[order(ff$ID),] 

f <- data.frame(x= ff$Final.choice, y=ff$RMS.stand, z = ff$ID) 

 

OptimResults<-optim(c(0.06689181, 3.37085446),fn=GP.optim,method=c("BFGS"), 

control = list(fnscale = -1)) 

 

#Plot 

GP.plot <- function(f,l = 3.37, phi = 0, sigma = 0.0669, n.samples = 2000){ 

   

  #Content 

  #1. Data split 

  #2. Covarianse matrixes 

  #3. Posterior distribution 

  #4. Simulations 
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  #5. Plotting 

   

  #6. Limits x and y 

  #7. f.bar.star 

  #8. Data points 

  #9. Conf band 

  #10. New f.bar.star 

  #11. Mean and quantile 

  #12. Legend 

   

  #1. Data split 

  x <- f$x 

  z <- f$z #index for different trips 

  x.star <- seq(min(x), max(x)) 

   

  #2. Covarianse matrixes 

  k.xsxs <- calcSigma(x.star,x.star, l = l) 

  k.xxs <- calcSigma(x,x.star, l = l) 

  k.xsx <- t(k.xxs) 

   

  k.xx1 <- calcSigmaSnabb(x,x, l = l) 

  if(phi == 0){ 

    k.xx2 <- diag(sigma^2, length(x)) 

  }else{ 

    k.xx2 <- calcSigmaIDSnabb(x,x, z, phi = phi, sigma = sigma) 

  } 

   

  k.xx <- (k.xx1 + k.xx2) 

  k.xxI <- solve(k.xx) #Den enda som tar lite tid, 10 sek 

   

  #3. Calculate the mean and covariance functions 

  f.bar.star <- k.xsx%*%k.xxI%*%f$y 

  cov.f.star <- (k.xsxs - k.xsx%*%k.xxI%*%k.xxs) 

   

  #4. Simulations 

  values <- gaussSamp(f.bar.star, cov.f.star, n.samples) 

   

  #5. Plot 

   

  #6. Limits x and y 

  Xmin <- min(x.star) 

  Xmax <- max(x.star) 

   

  Ymin <- min(values, f$y) 

  Ymax <- max(values, f$y)  



50 

 

  #7. f.bar.star 

  plot(x.star, f.bar.star, xlim = c(Xmin,Xmax),  

       ylim = c(Ymin,Ymax), type = 'l', 

       xlab = "Subsection", ylab = "Standardized RMS",  

       main = "Gaussian process") 

   

  #8. Data points 

  points(f$x + runif(length(f$x), -0.2,0.2), f$y, col = 7) 

   

  #9. Confidence band 

  j <- 1 

  LowCB <- NULL 

  UppCB <- NULL 

  for (i in 1:53){ 

    ordnad <- sort(values[,i]) 

    LowCB[j] <-  ordnad[floor(n.samples*0.025)] 

    UppCB[j] <- ordnad[n.samples - floor(n.samples*0.025)] 

    j <- j+1 

  } 

  polygon(c(1:53, 53:1), c(LowCB, UppCB[53:1]),  col = "8")  

   

  #10. New f.bar.star 

  lines(x.star, f.bar.star, col = 2, lwd = 2) 

   

  #11. Mean and quantile 

  abline(h=summary(f$y)[c(2,4,5)], col = "Blue", lty = c(3,1,3)) 

   

  #12. Legend 

  legend("topleft", c("Estimate", "95 % interval", "Mean RMS", "Quantiles RMS", "Data 

points"),  

         col = c(2,8,4,4,7), lty = c(1,1,1,3,0), pch = c(-1,-1,-1,-1,1)) 

   

  return(values) 

} 

 

#The data to use, in the correct order 

ff <- FinalData 

ff <- ff[order(ff$Super.choice),] 

ff <- ff[order(ff$ID),] 

f <- data.frame(x= ff$Final.choice, y=ff$RMS.stand, z = ff$ID) 

 

#GP.values <- GP.plot(f, l = 3.37, psi = 0, sigma = 0.0669, n.samples = 2000) 

GP.values <- GP.plot(f) 
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#Requires also a data set with correct coordinates of the road (PrimaryCoordinates) 

#CoordID (1:n), Section, North.G, East.G, NewSection(Binary) 

 

plot(FinalData[,5], FinalData[,4], col = 1,  

     main = "Colored coordinates", xlab = "East coordinates", ylab = "North coordinates") 

 

points(y = PrimaryCoordinates[,3], x = PrimaryCoordinates[,4], pch = 19, 

       col = plotrix::color.scale(colMeans(-GP.values),c(0,0.3), 1,1,color.spec="hsv")) 

 

legend("topright", c("good", "average", "bad", "data"),  

       col = c(3,7,2,1), pch = c(19,19,19,1)) 
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