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Abstract

Rigid barrier or not?

Cornelia Wallander

In this thesis, four different Machine Learning models and algorithms have been
evaluated in the work of classifying Traffic Control Plans in the City of Helsingborg.
Before a roadwork can start, a Traffic Control Plan must be created and submitted to
the Traffic unit in the city. The plan consists of information regarding the roadwork
and how the work can be performed in a safe manner, concerning both road workers
and car drivers, pedestrians and cyclists that pass by. In order to know what safety
barriers are needed both the Swedish Association of Local Authorities and Regions
(SALAR) and the Swedish Transport Administration (STA) have made a classification
of roads to guide contractors and traffic technicians what safety barriers are suitable
to provide a safe workplace. The road classifications are built upon two rules; the
amount of traffic and the speed limit of the road. Thus real-world problems have
shown that these classifications are not applicable to every single case. Therefore,
each roadwork must be judged and evaluated from its specific attributes.

By creating and training a Machine Learning model that is able to determine if a rigid
safety barrier is needed or not a classification can be made based on historical data. In
this thesis, the performance of several Machine Learning models and datasets are
presented when Traffic Control Plans are classified. The algorithms used for the
classification task were Random Forest, AdaBoost, K-Nearest Neighbour and
Artificial Neural Network. In order to know what attributes to include in the dataset,
participant observations in combination with interviews were held with a traffic
technician at the City of Helsingborg. The datasets used for training the algorithms
were primarily based on geographical data but information regarding the roadwork
and period of time were also included in the dataset. The results of this study
indicated that it was preferred to include road attribute information in the dataset. It
was also discovered that the classification accuracy was higher if the attribute values
of the geographical data were continuous instead of categorical. In the results it was
revealed that the AdaBoost algorithm had the highest performance, even though the
difference in performance was not that big compared to the other algorithms.
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Populärvetenskaplig1sammanfattning1
Flertalet personer omkommer eller skadas i trafikrelaterade olyckor varje år. För att förhindra 
olyckor från att inträffa i trafiken, vidtas åtgärder för att bland annat anpassa fordon, vägar 
och trafiksystem till att möta individens behov. För att minimera de fel som den mänskliga 
faktorn kan ge upphov till, har bland annat system fått ersätta uppgifter som tidigare utförts av 
personer. Arbetsuppgifter som tidigare varit manuella har genom teknikutvecklingen kommit 
att bli digitala och automatiserade. Många uppgifter som tidigare ansetts vara unika för 
människor har visat sig kunna utföras på ett likvärdigt, eller bättre sätt, med hjälp av 
algoritmer. 

När ett vägarbete genomförs i en stad påverkar det vägens utformning och framkomlighet. För 
att arbetet ska kunna utföras på ett säkert sätt för både trafikanter och vägarbetare, krävs det 
att det berörda området spärras av på ett korrekt sätt, med hjälp av lämpliga 
skyddsanordningar. Inför ett vägarbete skapar entreprenörer en trafikanordningsplan, TA-
plan, gällande vägarbetet. I TA-planen finns information om platsen, vilka vägmärken och 
skyddsanordningar som kommer att användas samt hur de ska placeras. TA-planen skickas 
därefter in till kommunen och trafiktekniker vid kommunen får göra en bedömning om arbetet 
kommer kunna utföras på ett säkert sätt. I granskningen av TA-planen görs bland annat en 
bedömning om det skydd som planeras att användas är lämpligt för det specifika arbetet. Ett 
beslut tas sedan om vilket typ av skydd vägarbetet kräver.  

För att vägleda entreprenörer och trafiktekniker i vilka skyddsanordningar som är lämpliga för 
ett vägarbete, har såväl Sveriges Kommuner och Landsting som Trafikverket utarbetat varsin 
vägklassificering. Klassificeringarna är baserade på vägars trafikflöde och 
hastighetsbegränsning. Utifrån de olika vägklasserna ges sedan en rekommendation om en 
tung skyddsanordning kommer att behövas eller ej. Genom att studera vägarbeten i 
Helsingborg har det dock påvisats att de utarbetade vägklassificeringarna, som endast bygger 
på två kriterier, är grovt förenklade och för generella för att kunna tillämpas i praktiken. 
Förutom trafikflöde och hastighet påverkar även platsspecifika aspekter, så som avstånd till 
närliggande platser och vägar samt vägarbetsrelaterad information, vilka skyddsanordningar 
som krävs. 

För att underlätta och stötta trafiktekniker i sin bedömning har historisk underlagsdata från 
redan tidigare granskade TA-planer använts för att träna fyra olika Machine Learning 
algoritmer. Dataseten har primärt baserats på TA-plansansökningar som inkommit till 
Helsingborgs stad. Den geografiska informationen kopplade till TA-planerna har även den 
haft en viktig roll i framtagandet av dataseten. Fyra dataset med olika uppsättningar av 
attribut och attributvärden skapades. Det dataset som bidrog till den högsta noggrannheten 
användes därefter för att träna upp de olika algoritmerna. De fyra olika algoritmerna som 
tränades upp var Random Forest, AdaBoost, K-Nearest Neighbour och Artificial Neural 



Network. De tränade modellerna användes därefter för att klassificera om en tung 
skyddsanordning behövdes eller ej för varje TA-plan.  

Att använda algoritmer för att klassificera vilken skyddsanordning som bör användas vid ett 
vägarbete kan vara användbart för både trafiktekniker och entreprenörer som arbetar i staden. 
Trafikteknikerna kan få stöd i beslutsprocessen och entreprenörerna kan få vägledning i vilka 
skyddsanordningar de bör använda.  
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Glossary1and1definitions1
AADT  Annual Average Daily Traffic 
NVDB  National Road Database 
SALAR  Swedish Association of Local Authorities and Regions 
STA  Swedish Transport Administration 
TCP  Traffic Control Plan 
 

Table 1. Summary of terminologies used in this thesis. 

English Swedish Description 
Traffic Control Plan 

(TCP) 
Trafikanordningsplan 

(TA-plan) 
A plan that includes information 

about a roadwork. The plan is sent in 
by the contractor and reviewed by 
the traffic technician at the Traffic 

unit in the City of Helsingborg. 
City of Helsingborg Helsingborgs stad TCP applications reviewed by the 

City of Helsingborg are the primary 
data source used in this thesis.  

Urban Planning 
Committee 

Stadsbyggnadsnämnd-
en 

Rule over the Urban Planning 
Department in the City of 

Helsingborg. 
Urban Planning 

Department 
Stadsbyggnadsförvalt-

ningen 
Among other responsibilities the 
Urban Planning Department is 

responsible of the road maintenance 
work in Helsingborg. 

Traffic unit Trafikenheten Part of the Urban Planning 
Department. Handles TCPs in 

Helsingborg.  
Traffic technician Trafiktekniker Works at the Traffic unit and accepts 

TCPs.  
Swedish Association 
of Local Authorities 

and Regions 
(SALAR) 

Sveriges Kommuner 
och Landsting 

(SKL) 

Organisation which all 
municipalities, county councils and 

regions in Sweden are a part of. 

Swedish Transport 
Administration 

(STA) 
 

Trafikverket Responsible for the long-term 
planning of the Swedish transport 

system.  
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Contractor Entreprenör Performs road maintenance work. 
Submits TCP applications to the 

City of Helsingborg.  
Safety barriers/Road 

equipment 
Skyddsanordning Used for roadwork. Includes both 

rigid safety barriers but also other 
road equipment. 

Rigid safety barrier Tungt skydd Used in some roadworks to protect 
the road users and road workers. 
Provides a high level of safety 

protection. 
Other road equipment Annan 

skyddsanordning 
Used for roadwork both solitary and 
in addition to rigid safety barriers. 

Road maintenance 
authority 

Väghållningsmyndig-
het 

Responsible of the road. Could be 
the STA or the municipality. 

National Road 
Database (NVDB) 

Nationell vägdatabas 
(NVDB) 

Swedish road data. STA and 
SALAR are some of the data 

providers.  
Annual Average 

Daily Traffic (AADT) 
Årsdygnstrafik (ÅDT) Measurement for the road traffic 

flow.  
Quantum Geographic 
Information System 

(QGIS) 

QGIS Software for geographical 
information. 

Feature Manipulation 
Engine 
(FME) 

FME Software for data integration and 
transformation. 

R R Software for statistical computing. 
 

 1
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1.1Introduction1
Road traffic systems are highly complex and consist of different elements such as roads, 
road users, motor vehicles and objects in the surrounded environment. Regarding to the 
World Health Organization (WHO), injuries related to traffic accidents are a developing 
problem which affects the public health. Each year over 1.2 million people get killed 
and up to 50 million people get injured due to traffic accidents (World Health 
Organization, 2015, p. x). In order to contribute to a good road safety, effort has been 
made to prevent road accidents from happen. Vision Zero in Sweden is one attempt to 
reduce the road accidents and the main goal is that no one will die or get severe injuries 
related to traffic accidents in the future. This vision implies that roads, streets and motor 
vehicles should be adjusted to meet the human needs. For that reason, a lot of 
responsibility regarding the road safety is assigned to people which design and use the 
road traffic system (Swedish Transport Administration, 2014).  
 
In World report on road traffic injury prevention, the layout and design of the roads are 
portrayed as two factors which can influence the risk of accident exposure. Therefore, 
the authors of the report state that systems which combine human operators and 
machines need to have a tolerance for human error. The human operator can be 
influenced to perform human error based on external factors which for example could 
be the design of the road, traffic rules and enforcement of traffic rules (World Health 
Organization, 2004, p. 71). 
 
Technical solutions and developments related to Artificial Intelligence and Machine 
Learning have emerged in the traffic sector (Norvig & Russell, 2003, pp. 1006-1010). 
Advancements in image recognition and object detection have been some of the key 
cornerstones for the progress of developing autonomous vehicles. Societies producing 
more and more data and a lot of effort and resources are dedicated to extract 
information from available data. Extracting information or making procedures and 
processes more efficient from available data can be done using methods and models 
within Information Technology and Artificial Intelligence.  
 
In order to ensure that a roadwork is performed in a secure way for car drivers, cyclists, 
pedestrians and roadworkers, a Traffic Control Plan (TCP) must be developed by the 
contractor before the roadwork can start. The plan consists of information about where 
and when the roadwork will be made, what type of traffic signs and road equipment will 
be used and how they will be placed. There are several safety barriers which can be 
used to perform a safe roadwork, some are more rigid than others. As a guideline for 
choosing appropriate safety barriers and road equipment, roads have been classified into 
different categories. The classification is mainly based on two criteria; the speed limit of 
the road and the amount of traffic which travels on the road.  
 
By studying real-world problems in Helsingborg, it has been revealed that making this 
judgement based on two criteria is too simplistic and not applicable for the roadworks in 
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the City of Helsingborg. All roads in the city centre of Helsingborg cannot follow the 
same classification even though the speed limit and amount of traffic are identical. Site-
specific aspects such as distances to local services and distances to nearby roads in 
combination with roadwork related information about period of time and type of work 
will affect which safety barriers are required.  
 
Instead of using an explicit classification for all of the roads in the city of Helsingborg, 
it is possible to train Machine Learning models to determine if a rigid safety barrier is 
needed or not. In order to train the model, roadwork related data and geographical data 
has been extracted. Using algorithms to determine which safety barriers are needed 
could be useful both for traffic technicians reviewing TCPs but also contractors working 
in the city. It was revealed that contractors working in Helsingborg though that the City 
of Helsingborg were inconsequent in their judgement regarding what safety barriers to 
use. For the contractors the safety barriers are a question of cost and hence a question of 
competition between the established companies in the city. Therefore, a decision made 
by an algorithm could serve as a guide for the contractors. 
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1.11 Purpose1

The purpose of this thesis was to investigate how Machine Learning algorithms could 
be used in the decision-making process of safety barriers when handling TCPs. This 
implied investigating appropriate Machine Learning models for classifying if a rigid 
safety barrier was needed or not, and compare the performance of each model.  

1.1.1, Research,Questions,

!1 How can Machine Learning be used in decisions concerning if a rigid safety 
barrier is needed or not when reviewing TCPs? 

!1 What are the benefits and downsides of letting a Machine Learning algorithm 
classify TCPs? Which algorithms are most appropriate?  

!1 What possible values can be added to the TCP process by introducing Machine 
Learning algorithms which can classify if a rigid safety barrier is necessary or 
not? 

1.21 Disposition1

In chapter 2 an introduction to the TCP subject is made by explaining the roadwork 
process and the purpose of the TCP application. This is followed by chapter 3, a chapter 
about Machine Learning, which explains different Machine Learning algorithms, how 
to train a Machine Learning model and how to evaluate the model performance. 
Thereafter chapter 4 contains a short explanation about the data which has been used for 
creating the datasets in this thesis. Chapter 5 explain the research methods used, both 
the quantitative methods used for operating with data and the qualitative used for the 
interviews. In chapter 6 the results are presented, first the feature selection process is 
described and thereafter the performances of each dataset and algorithm are presented. 
In the last section of the results, the best performed dataset and algorithm were used to 
predict previous unseen TCPs from 2018. In chapter 7 the results are discussed in 
relation to the research questions. Thereafter chapter 8 contains some conclusions based 
on the discussion. This is later followed by chapter 9 which contains suggestions for 
future research topics. 

 1
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1.31 Limitations1

The study performed in this thesis was limited to only investigate TCPs in the City of 
Helsingborg. In order to perform this study TCP data submitted between the 10th of 
January 2016 and the 28th of December 2017 was received from the City of 
Helsingborg. Described requirements, rules and laws in this thesis are based on Swedish 
regulations and may not be applicable to other countries. Since judgments regarding 
TCPs were based on data and information from the City of Helsingborg the results are 
limited to be used under these conditions. Although this does not prevent other 
municipalities from gain knowledge or benefit from the information presented in this 
report.  

The study was limited to only concern rigid safety barriers and throughout this thesis 
safety barriers and barriers will be used interchangeably. Rigid barrier was a frequently 
used expression in literature but there existed no clear definition. In this thesis, the 
definition of a rigid barrier was based on the TCP judgment at the City of Helsingborg 
and information obtained during the interview. Rigid barriers were defined to be either a 
Truck Mounted Attenuator, deck or cement barrier. All other road equipment was not 
considered as a rigid barrier. TCP applications which were in need of a rigid safety 
barrier were classified as belonging to class 1 and applications not containing any rigid 
barriers were classified as belonging to class 0. This implied that if at least one rigid 
safety barrier appeared in the TCP application the plan was classified as belonging to 
class 1. Therefore, plans consisted of both rigid safety barriers and other road equipment 
were classified as a belonging to class 1. If the plan only consisted of other road 
equipment the plan was classified as not in need of a rigid safety barrier, and therefore 
assigned to class 0.  

 

 

1
 1
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2.1Traffic1Control1Plans1
A TCP is created whenever a roadwork or event will affect the traffic. The 
TCP application is submitted to the municipality and must be accepted before the work 
can start. The main reason for creating a TCP is to contribute to a good availability and 
ensure the safety for the workers, pedestrians, cyclists, public transportation, rescue 
vehicles and other road users in the area (City of Helsingborg, 2018a). By submitting a 
TCP it is possible for the municipality to determine if the proposed barrier is safe 
enough, this decision is made by the municipality by examining if a rigid barrier is 
needed or not (Granlund, 2018a). In Arbete på väg the Swedish Association of Local 
Authorities and Regions (SALAR) provide material which is useful during road 
maintenance and installation work on public roads and streets. The safety of the road 
workers is only maintained if directed plans are followed and the road users follow the 
traffic signs. Therefore, it is of great importance that placement of traffic signs is correct 
and clear (Swedish Association of Local Authorities and Regions, 2014, p. 6).  

It is common that the municipal council delegate the responsibility of the road 
maintenance to one of the boards within the municipality. Road maintenance 
responsibility also includes having responsibility for when and how road maintenance 
work can be done by accepting TCPs (Swedish Association of Local Authorities and 
Regions, 2014, p. 11). In the City of Helsingborg road maintenance work has been 
delegated to the Urban Planning Committee. The Urban Planning Committee rule over 
the Urban Planning Department which consists of several working units (City of 
Helsingborg, 2018b). Among the different units, the Traffic unit deals with the 
submitted TCPs.  

2.11 Plan1description1

The plan contains a detailed description of the workplace and how the roadwork will 
affect the road users. In order to know exactly where and in which area the work zone 
will be placed, a map is marked with that area. To get information about how the 
roadwork will affect the surrounded area the plan also includes a sketch of suggested 
safety barriers and placement of traffic signs (City of Helsingborg, 2018c). In Appendix 
A an application form for TCPs provided by the City of Helsingborg is shown. In the 
application form the contractor writes when the work will start and end, what kind of 
work that will be performed and information about the contractor. The contractor is also 
asked to provide a sketch of what traffic signs and barriers will be used and how they 
will be placed, figure 1 is an example of a TCP sketch.  
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Figure 1. TCP sketch which show what barriers and traffic signs to use and how they 

should be placed (City of Helsingborg, 2016). 

.  

 

 1
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2.21 Current1road1and1street1classification1

Both SALAR and Swedish Transport Administration (STA) has created a road and 
street classification. The intent behind these classifications was to support 
municipalities in their decisions of what safety barriers are needed.  

The classification made by SALAR is based on the amount of traffic and speed limit of 
the road where the roadwork is performed. Roads are classified into two different 
categories which are Traffic intensive roads and Other roads. A road is Traffic intensive 
if the amount of traffic is greater than 5 000 Annual Average Daily Traffic (AADT). If 
the amount of traffic is less than 5 000 AADT the road is classified as Other road. The 
speed limit of the road determines if a rigid barrier is needed or not. Thus it is stated that 
a rigid barrier can be omitted if the roadwork is performed on a residential street or 
street having a low amount of traffic if the road maintenance authority accepts (Swedish 
Association of Local Authorities and Regions, 2014, pp. 21-22). 

In the road classification made by STA, roads are divided into three different categories; 
Safety classified roads, Normal classified roads and Low classified roads. For the 
Safety classified roads the amount of traffic must be larger than 2 000 AADT and the 
speed limit of the road must be higher than 70 km/h. If a roadwork is performed on a 
Safety classified road it implies having an enhanced safety barrier for road workers. 
This also applies to roads which are safety classified but which in some regions has a 
traffic regulation orders with a speed limit lower than 70 km/h. For the Normal 
classified roads, the amount of traffic is between 250 and 2 000 AADT and for a road to 
be low classified the amount of traffic must be below 250 AADT. If a roadwork is 
performed on a low classified row it is possible to make some simplifications regarding 
the safety barriers if no unprotected personnel is situated on the road (Swedish 
Transport Administration, 2015d).   
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2.31 Safety1barriers1and1road1equipment1

Based on a description from STA the purpose of a road safety barrier is to prohibit 
vehicles from entering the working area and minimise the risk of getting injured for 
road users and road workers (Swedish Transport Administration, 2011). By using road 
safety barriers such as road railings, construction vehicles with Truck Mounted 
Attenuator, barriers and buffers, vehicles can be prohibited to enter the road working 
area (Swedish Transport Administration 2015a). Different road safety barriers have 
different levels of containment and therefore they are used for different purposes. The 
following part explains different kinds of road safety barriers, how they work and when 
they should be used.  

A road safety barrier can either be of a longitudinal or crossing type. A crossing road 
safety barriers prevent road workers and drivers from getting injured. The most 
common crossing road safety barrier is Truck Mounted Attenuator which can be 
mounted on the back of a motor vehicle or pulled after a motor vehicle (Swedish 
Transport Administration, 2015b). By combining crossing barriers with buffer zones it 
is possible to avoid vehicles from entering the working zone. A crossing safety barrier 
should be energy absorbing and constructed in a manner that vehicles decelerate and 
stop before the working zone (Swedish Transport Administration, 2014, p. 49).  

Longitudinal safety barriers could for example be road railings and cement barriers and 
the main purpose is to prevent motor vehicles from entering the road maintenance work 
area. The longitudinal road safety barriers also serve a purpose for helping road users 
passing by the work area (Swedish Transport Administration, 2015c).  

2.3.1, Rigid,barriers,

Based on interviews with a traffic technician at the Traffic unit in the City of 
Helsingborg there are three kinds of rigid safety barriers. The first one is a deck barrier 
(Granlund, 2018b). This is a crossing safety barrier which works as a traffic buffer and 
prevents vehicles from entering the road working area. The second rigid barrier is a 
cement barrier which is a longitudinal barrier. The third rigid barrier is Truck Mounted 
Attenuator which is attached to a motor vehicle and it is often used for roadworks in 
motion.  

             

Figure 2. Two examples of rigid barriers, deck barrier to the left (City of Helsingborg, 
2017a) and cement barrier to the right (City of Helsingborg, 2017b).  
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2.3.2, Other,road,equipment,

Beside from the rigid barriers there exist other road equipment which in combination 
with rigid barriers or alone can be used for a roadwork. The road equipment described 
in this section will be referred to as none rigid barriers. A sergeant is a side mark which 
is not classified as a rigid safety barrier. A sergeant is often used as a complement to 
safety barriers or other road equipment. Another example of a non rigid barrier is the 
barricade. A barricade can be used for forcing the flow of pedestrians and cyclists in a 
desired direction or block certain passages (Swedish Transport Administration, 2014, p. 
41). 

 

 

                      

Figure 3. Example of non rigid barriers, a sergeant to the left and a barricade to the 
right (City of Helsingborg, 2017b).  

 1
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3.1Machine1Learning1
Machine Learning is a core field within Artificial Intelligence and Data Science and 
regarding to the researchers Jordan and Mitchell it is one of the technical fields which is 
most rapidly growing. Based on Jordan and Mitchell’s article Machine learning: 
Trends, perspectives and prospects, the main question which Machine Learning 
undertakes is how to build computers that automatically can improve by experience 
(Jordan & Mitchell, 2015, p. 255). Another researcher, Kevin Murphy, describes 
Machine Learning as some methods which are able to automatically detect patterns in 
data and use it for predicting future unseen data (Murphy, 2012, p. 1). 

Machine Learning has become a useful method for developing software within Speech 
Recognition, Computer Vision and Natural Language Processing. There are several 
areas were Machine Learning methods have been applied. Application areas can be 
found in both science and technology but also in manufacturing, healthcare, financial 
modelling and marketing (Jordan & Mitchell, 2015, p. 255). 

Several Machine Learning algorithms have been developed and Jordan and Mitchell 
explain that the algorithms can be viewed as searching through a large space of 
candidate programs. When performing the search some training experience are used as a 
guidance to find a program that optimises the performance. The Machine Learning 
algorithms vary in many aspects, both in how different candidate programs are 
represented but also how they search through space. The difference in the representation 
of candidate program can for example be if decision trees, mathematical functions or 
general programming language are being used. How to search in space is referred to the 
optimisation algorithms used and how they converge (Jordan & Mitchell, 2015, p. 255). 

There are several methods for learning the machine to perform a specific task. 
Supervised learning is the most widely used Machine Learning method. The supervised 
learning method consists of training data which is based on pairs (", $) (Jordan & 
Mitchell, 2015, p. 257).  These pairs are called the training set & and it can be described 
as & = { "), $) })+,- .were / is the number of training samples. The training input ") is 
in its simplest form a vector with & dimensions, each representing a feature or attribute 
of the input ". In a more complex situation ") could be an image (Murphy, 2012, p. 1). 
The main goal is to make a prediction $∗ based on "∗ (Jordan & Mitchell, 2015, p. 257). 
In order to perform the prediction, a model 1 has to be estimated by using observed 
input and output data (", $) (Johnson & Kuhn, 2013, p. 6). For each input " the function 
maps an output $ or a probability distribution over $ given " (Jordan & Mitchell, 2015, 
p. 257). It is often assumed that the output $) is a nominal or categorical variable. When 
$) is nominal or real-valued, the problem is known as regression and if $) is categorical 
the problem is known as classification or pattern recognition (Murphy, 2012, p. 1). 
There are several forms in which 1 can be mapped and decision trees, Logistic 
regression and Artificial Neural Networks are some examples (Jordan & Mitchell, 2015, 
p. 257). 
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3.11 Machine1Learning1terminology1

!1 A data point, (", $), or observation is referred to a single independent unit of 
data, it could for example be a TCP. 

!1 A training set, & = { "), $) })+,- , is a collection of data points and is the data 
used for develop the models. The validation or test data sets are only used for 
evaluating the performance of the model. 

!1 Features and attributes are input data, ", which are used for the prediction 
equation. The number of dimensions of each attribute is described by P. 

!1 Dependent variable or class, $∗, is the outcome which the model produces. 
!1 Continuous data have a numeric scale, it could for example be the cost of an 

item or a distance.  
!1 Categorical data or nominal data refers to data which can take values that do not 

have a scale. It could for example be the credit status of a customer, which either 
is good or bad (Johnson & Kuhn, 2013, p. 6).  

3.21 Classification1and1classifiers1

When the output variable $ is qualitative the process executed is called classification 
(Hastie et al., 2013, p. 127). For example, the safety barriers described in section 2.3.1 
and 2.3.2 are qualitative and can take on the values Rigid barrier or No rigid barrier. 
The process which is based on learning a classifier to map an input " into an output $, 
were $ is represented as a finite set of values $ ∈ 1,… , 5 , is called classification. The 
variable 5 is the number of classes and if 5 = 2, it is called a binary classification 
problem. Having a 5 > 2 is called a multiclass classification problem (Murphy, 2012, 
p. 3). When a binary classification is performed a dummy variable approach can be used 
were 8 = . {1 = 9:;:<.=>??:@?, 0 = /B.?:;:<.=>??:@?}.  

3.2.1, Probabilistic,classification,

For a classification problem, it is proven that the test error rate is minimised when a 
simple classifier assigns each observation to the most likely class, given its attribute 
values. This means that an example should be assigned to class C given the prediction 
vector "D for the largest value. This could also be described as 

Pr.(Y = j.|X = "D). (1) 

This is called the Bayes classifier and it is based on a binary classification problem, 
having two classes. It could for example be predicting whether an example belongs to 
class 0 or 1, where the example belongs to class 1 if Pr Y = 1 X = "D > 0.5 and class 
0 otherwise (Hastie et al., 2013, pp. 37-38).  

Theoretically, it is preferred to always use Bayes classifier when predicting qualitative 
responses. But when using real data, the conditional distribution of Y given M is not 
known and therefore it is not possible to compute Bayes classifier. For that reason, other 
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algorithms such as Random Forest and K-Nearest Neighbour are used. These try to 
estimate the conditional distribution of Y given M and then classify the observation to 
the class with the highest estimated probability (Hastie et al., 2013, p. 39). 

3.2.2, Random,Forest,

Random Forest is an ensemble method which is based on combining several classifiers. 
Random Forest uses bagged trees as a part of the algorithm (Liaw & Wiener, 2002, p. 
18). Several trees are then created and combined into one single tree based on 
consensus. A tree consists of several terminal nodes or leaves, internal nodes and 
branches (Hastie et al., 2013, pp. 303-305). Each of the grown trees in Random Forest is 
unpruned (Liaw & Wiener, 2002, p. 18). This means that these trees are deep and have a 
high variance but low bias. In bagging, the high variance is reduced by averaging the 
different trees (Hastie et al., 2013, p. 317).  

A tree can be used for classification by dividing the attribute space into several simple 
regions (Hastie et al., 2013, p. 303). The data is partitioned by the attributes using one 
or several if-then statements (Johnson & Kuhn, 2013, p. 173). When an observation is 
predicted in a tree the mode or the model of the training observations in the region 
which the predicted observation belongs to is used. The splitting rules used for 
segmenting the attribute space can be summarised in a tree and therefore this approach 
is called a decision tree method (Hastie et al., 2013, p. 303). 

 

 

Figure 4. An example of a simple decision tree used for a classification problem were 
the terminal nodes are male or female.  

When using bagging the sequential trees do not depend on the previous trees, each of 
the trees are independent from each other and constructed using a bootstrap sample of 
the dataset. In the end a majority vote among the trees are taken for prediction (Liaw & 
Wiener, 2002, p. 18). Bagging is a technique for reducing the variance of a statistical 
learning method and is often used in combination with decision trees. Having a set of N 
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independent observations O,., … , OP.that each has a variance QR. The variance of the 
mean O of the observations will be given by the equation 

QR N (2) 

To get a statistical learning model of low variance we could calculate 
1, " , 1R " , … , 1S " .by taking several samples from the training data set and 
generate T bootstrapped training data sets. The model is trained on the =th bootstrapped 
training set to get 1∗U "  and when all predictions are averaged the result described in 
equation 3 is yielded (Hastie et al., 2013, pp. 316-317). 

1UVW " = . 1T 1∗U " .
S

U+,
 

(3) 

This means that averaging a set of observations will reduce the variance. Therefore, it is 
possible to increase the prediction accuracy by reducing the variance. The variance can 
be reduced by using many training datasets and build a model for each of these sets and 
average the given predictions (Hastie et al., 2013, pp. 316-317). 

In a standard bagged tree each node in the tree is split based on the best split among all 
variables. But in Random Forest some randomness is added to the bagging process. 
Instead of making a split which is the best among all variables each node is split using 
the best among a subset of features randomly chosen at this node (Liaw & Wiener, 
2002, p. 18). 

When performing Random Forest, N bootstrap samples are drawn from the original data 
and for each of these samples an unpruned classification tree is grown. When growing 
the tree X features are randomly sampled at each node and among these the best split is 
chosen. After growing N trees, new data is predicted by combining the N trees and 
performing a majority vote (Liaw & Wiener, 2002, p. 18). One of the advantages with 
the algorithm is that it is user friendly since there only are two parameters to tune; the 
number of variables in the random subset and the number of trees in the forest (Liaw & 
Wiener, 2002, p. 18). The Random Forest algorithm can be found in the randomForest 
package in R, provided as an external package by Breiman and Cutler (Breiman & 
Cutler, 2018, p. 1).  

,

 ,
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3.2.3, AdaBoost,

AdaBoost refers to an algorithm which uses boosting. Boosting is based on learning 
several weak classifiers and combining them into a strong classifier, this means that 
AdaBoost calculates 1 sequentially (Johnson & Kuhn, 2013, p. 389). The boosting 
technique can be used for several classifiers but classification trees are often used as a 
weak learner. Classification trees are well suited for boosting because of its possibilities 
to set the tree depth, which makes it possible creating trees with low depth and few 
splits (Johnson & Kuhn, 2013, p. 390). Breiman states that classification trees are well 
suited for boosting since trees having a low bias combined with high variance. 
Combining the weak classification trees can decrease the variance and the results will 
therefore have a low bias and low variance (Breiman, 1998, p. 801).  

Using several weak learning algorithms and combining them into a strong one by 
boosting them is the principal concept for algorithms such as AdaBoost. In 1995 Freund 
and Schapire introduced AdaBoost. AdaBoost takes a training set { "), $) })+,-  and calls 
a weak learning algorithm Y times. The primary idea is to maintain a distribution or set 
of weights over the training data set. The weight of this distribution on a training 
example : on round Y.is denoted &Z(:). All weights are set equally initially but for each 
round Y the weights of the incorrectly classified examples are increased (Freund & 
Schapire, 1999, pp. 2-3). The first distribution &,(:) is uniform and given by 

&, : = 1/X (4) 

for all :. When the &Z\, distribution is calculated the weight for example : is multiplied 
by some number TZ ∈ [0,1) if  ℎZ classifies ") correctly. If the classification is 
incorrectly the weight is unchanged. The weights are renormalised and therefore 
examples which are easy to classify correctly get a lower weight than harder examples 
(Freund & Schapire, 1996, pp. 3-4). By increasing the weights of the incorrect examples 
the weak learner is forced to concentrate on the difficult examples in the training set 
(Freund & Schapire, 1999, pp. 2-3). The main goal is to find a hypothesis ℎZwhich 
minimises the training error. In the end the booster combines all of the weak hypotheses 
ℎ,, … , ℎZ.into one final hypothesis ℎ_)PV` (Freund & Schapire, 1996, p. 3). 

The adabag-package can be installed in R for running the AdaBoost algorithm. Adabag 
implements Freund and Schapire´s AdaBoost algorithm using classification trees as the 
weak classifier (Alfaro et. al., 2013, pp. 1-2). In the adabag-package there is a built-in 
boosting function which takes the attribute to classify, also called formula, the dataset 
and number of trees to use, mfinal, as input parameters.  

 ,



20 
"

3.2.4, KRNearest,Neighbour,

The prediction made in the a-Nearest Neighbour method, or KNN method, is based on 
the a closest samples from the training dataset classifier (Johnson & Kuhn, 2013, pp. 
159-160). The KNN classifier is based on an attempt to estimate the conditional 
distribution of 8 given M and classify a given observation to the class with the highest 
estimated probability (Hastie et al., 2013, p. 39). Since the model construction only is 
based on the training data samples it is not possible to summarise the model (Johnson & 
Kuhn, 2013, pp. 159-160).  

Since the prediction made is based on the closest sample, the method depends on how 
the distances between the data points are calculated. Euclidian distance, a straight line 
distance between two samples, is the most commonly used measurement and has the 
following definition 

("Vb − "Ub)R
d

b+,

,
R

 

(5) 

were "V and "U are two individual samples each consisting of e components (Johnson 
& Kuhn, 2013, pp. 159-160). 

Since the method is based on the distance between the individual samples, the scale of 
the attributes can have a great influence on the distances between the samples (Johnson 
& Kuhn, 2013, pp. 159-160). Datasets consisting of attributes having different scales 
will generate distances that are weighted towards attributes having the largest scales. 
The reason is because these attributes will contribute most to the distance result. To 
avoid this and let all attributes contribute equally to the distance Johnson and Kuhn 
suggest that all attributes are scaled before the calculation (Johnson & Kuhn, 2013, p. 
160). 

A common approach to scale the attributes is the min-max normalisation. This method 
is useful when having Machine Learning models which apply distances in the 
calculation. Commonly used intervals for scale the attributes in min-max normalisation 
are [0,1] or [-1,1] (Abdallah et. al., 2017).  

The value of a has a dramatic effect on the classifier. Having a low a-value lead to a 
classifier with a low bias but high variance. As the value of a increases the method 
becomes less flexible, meaning that the variance of the model decreases and the model 
bias increases (Hastie et al., 2013, p. 40).  

The relationship between the training error rate and the test error rate are not strong for 
the KNN-classifier since a = 1 has a training error rate of 0 but the test error rate can 
be relatively high. Typically, a more flexible classifier leads to a smaller training error 
but this is usually not the case for the test error rate. By plotting the test and training 
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error of KNN as a function of 1 a it is possible to see how the error rates behave when 
the classifier becomes more flexible. As 1 a increases the flexibility of the 
classification model increases (Hastie et al., 2013, p. 40). Large values of a often 
underfit the data but a small value of a often overfit the data (Johnson & Kuhn, 2013, p. 
160). To find the optimal number of neighbours it is possible to plot the test accuracy 
against the number of neighbours. 

3.2.5, Artificial,Neural,Network,

In order to understand how an Artificial Neural Network maps the function 1 it is useful 
to understand how it is possible to build mathematical models based on brain activities. 
Findings within neuroscience suggest that mental activity uses electrochemical activities 
in a network of brain cells. The brain cells are called neurons and this network of 
neurons is also what inspired the creation of Artificial Neural Networks within Artificial 
Intelligence (Norvig & Russell, 2003, p. 727).  

 

Figure 5. An Artificial Neural Network consisting of one input layer, one hidden layer 
and one output layer.  

The architecture of an Artificial Neural Network is based on nodes which form 
connections to each other by directed links. Links propagates an activation >) from one 
node : to another node C. Each of the links has a weigh related to it and the weigh 
determines the strength of the connection but also the sign. Since different nodes can 
have several links connected to them, the node computes a weighted sum of its input 
links. An activation function is later applied to each of the sums. There are several types 
of activation functions, some use thresholds while other uses mathematical functions 
(Norvig & Russell, 2003, p. 729).  

A neural network which consists of several hidden layers is called to be a multi-layered 
neural network. If the signals propagate through the whole network in a forward 
direction, the network is said to be a multi-layered feed forward neural network or a 
multi-layered perceptron. The input signals propagate through each of the layers in the 
network, starting with the input layer, continuing with the hidden layers and finished 
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with the output layer. Regarding to Simon Haykin the multi-layered perceptron has 
proven to be practical for several problems, particularly when training them in a 
supervised way with an algorithm called error back-propagation (Haykin, 1999, p. 178).   

The back-propagation algorithm is based on two passes through the network, one in the 
forward direction and one in the backward direction. In the forward pass an activity 
pattern is applied to the input nodes of the network. The effect of the pattern propagates 
through each of the layers in the network. Thereafter the network produces several sets 
of output as a response. During the forward pass all weights are fixed but during the 
backward pass all weights are adjusted in accordance with the error correction. The 
error signal is produced based on the responses from the network. Thereafter the error 
signal is propagated in the backward direction of the network. When the error signal 
propagates through the network the weights of the links in the network are adjusted to 
make the response of the network closer to the desired response in a statistical manner 
(Haykin, 1999, p. 178).  

As mentioned each node or neuron in the network has a non-linear activation function 
applied to the sum of the weighted input links. There are several activation functions 
used for the nodes and a commonly used function is a sigmoidal nonlinearity which is 
defined by the logistic function in equation 6 (Haykin, 1999, p. 179). 

$) = .
1

1 + exp.(−jb)
 (6) 

In this equation, the output neuron $) is modelled as a function of jb, which is the 
weighted sum of all synaptic inputs plus the bias for neuron C (Haykin, 1999, p. 179). 
Another activation function used for the nodes is the hyperbolic tangent function. The 
hyperbolic tangent function is a logistic function which has been rescaled and biased, 
equation 7 describes this function (Haykin, 1999, p. 191). 

$) = tanh.(jb) (7) 

Figure 6. Two sigmoidal nonlinear functions, the logistic function to the left and the 
hyperbolic tangent function to the right. 
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By using the neuralnet R-package it is possible to train a neural network using back-
propagation (Fritsch & Günter, 2010, p. 30). When training the network, it is possible to 
set a custom activation function and error function. The neuralnet is a flexible function 
which can handle arbitrary number of input and output layers. It is also possible to 
define other parameters when training the network. It is for example possible to set a 
desired value for the number of hidden layers, number of hidden neurons and number of 
iterations for training the network (Fritsch & Günter, 2010, p. 33). 

3.31 Feature1selection1

Feature selection is commonly used during the pre-processing part of datasets in 
Machine Learning. The basic principle of feature selection is to choose a subset of the 
original attributes to reduce the feature space. Datasets having high dimensions can 
contain irrelevant and redundant data which can lower the performance of the algorithm 
(Liu & Yu, 2003, p. 1).  

Bellman was first to introduce the term curse of dimensionality and it refers to the 
problem which occurs when the volume grows exponential due to adding extra 
dimensions to the Euclidian space. This can cause problems within Machine Learning 
since a small increase in dimension requires a large increase in the amount of data to 
maintain the same regression or clustering performance. Using feature selection or 
reduction of the dimensionality are some ways to work around this problem (Keogh & 
Mueen, 2011). Further explanation of how this was managed in this thesis can be found 
in chapter 5.  

In this thesis features and attributes will be used interchangeably, both meaning the 
parameters used for predicting the equation. Algorithms used for feature selection fall 
into two categories; wrapper methods and filter methods (Liu & Yu, 2003, p. 1; Das 
2001, p. 74). A filter model is based on the general characteristics of the training data, 
selecting features without involving any learning algorithms. In contrast, a wrapper 
model requires a learning algorithm and uses the performances of the features to 
evaluate which features to select. Therefore, wrapper models are more computationally 
expensive than filter models. Due to the computational efficiency, it is often preferred to 
use a filter model when having a dataset consisting of a very large number of features 
(Liu & Yu, 2003, p. 1).  

In Efficient Feature Selection via Analysis of Relevance and Redundancy Lei Yo and 
Huan Liu suggest the framework in figure 7 for feature selection. 

 
Figure 7. Suggested framework for the feature selection process (Liu & Yu, 2004, 

p. 1210). 
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This approach suggests that managing relevant and redundant data during the feature 
selection process will produce better results than processes not including redundancy 
analysis. Based on this framework, features are divided into strongly relevant, weakly 
relevant and irrelevant features. In the second step weak features are divided into 
redundant and non-redundant features (Liu & Yu, 2004, p. 1210).  

3.3.1, Finding,important,features,using,a,wrapper,method,,

To find important features the wrapper method uses a model and then it searches 
through the dataset features which produces the best results of the model. Wrapper 
methods can be described as a search algorithm which takes the different features as 
input and outputs the features which optimise the model performance. When using a 
wrapper method multiple models are learned based on a procedure were attributes are 
added or removed to find an optimal combination that maximise the model 
performance. By iteratively performing a statistical hypothesis test, the wrapper model 
evaluates each of the features and determines if the features added are statistically 
significant (Johnson & Kuhn, 2013, pp. 490-491). 

The process of searching for the optimal combination of features can be done in two 
different ways; forward selection or backward elimination. When performing forward 
selection, the features are progressively combined into larger and larger subsets which 
iteratively are compared using a statistical hypothesis test. For the backward elimination 
one starts with the whole dataset containing all features and progressively removes the 
least favoured ones. Also, this process is carried out iteratively, where a statistical test is 
performed for each new subset (Elisseeff & Guyon, 2003, pp. 1167-1168).   

In the statistical computing software R, a package called Boruta uses a wrapper method 
for feature selection. The algorithm works with any classification method and generates 
a variable importance measurement. By default, Boruta uses the Random Forest 
classifier in the randomForest package as a learning algorithm. The attribute importance 
computed for all of the Random Forest trees are generated by the accuracy loss of the 
classification which is caused by the random combinations of attributes values between 
the different objects. Thereafter the importance measurement, a so-called Z score, is 
calculated by dividing the average loss by the standard deviation. This measurement is 
based on the different mean accuracy loss values among the trees (Kursa, 2018, pp. 2-
3). 

Since the Z score is not directly statistical significant it is not possible to directly use it 
for calculating the importance. Therefore, an external reference is needed to know that 
the importance is significant. This is done by creating randomly designed attributes and 
letting each of the attributes in the dataset has a corresponding shadow attribute. The 
values of the shadow attributes are received by shuffling values of the original 
attributes. Thereafter a classification is performed using all of the attributes (Kursa, 
2018, pp. 2-3). 
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Boruta performs a top-down search for relevant features by iteratively comparing the 
importance of a feature with the importance of a shadow attribute. The shadow 
attributes are created by shuffling the original attributes. If an attribute has a poorer rate 
of importance than the shadow attribute, the original attribute is dropped. Attributes that 
are shown to be better than the shadow attributes are confirmed as being important. The 
shadow attributes are re-created for each iteration and the algorithm will stop when only 
confirmed important attributes are left (Kursa, 2018, pp. 1-3). 

The feature selection process carried out in the Boruta algorithm is similar to the 
backward elimination method described earlier in this section. In Boruta the algorithm 
is run several times, each time trying to determine if the attributes are important or not 
based on the Z-score. The Boruta algorithm therefore constantly removes features 
assumed as being highly unimportant, similar to the procedure performed in backward 
elimination. 

3.3.2, Finding,redundant,features,using,a,filter,method,

Regarding to Lei Yo and Huan Liu a feature or attribute is good if it is relevant for the 
class but not redundant to any of the other attributes. This implies that a feature is good 
if the correlation with the class is high and the correlation with the other features 
reaches a level so it could not be predicted by any of the other features (Liu & Yu 
2003). Regarding to Yu and Liu features which are redundant to each other are 
completely correlated (Liu & Yu, 2004, p. 1208).   

Having highly correlated features in the dataset indicates that information is redundant. 
Regarding to Mark Hall there are several empirical evidences from feature selection 
literature that in addition to remove unimportant features, features containing redundant 
information should be removed (Hall, 1999, p. 52). Correlation is used for measure how 
two or more random variables are associated. The correlation coefficient between two 
variables > and =, which for this study are two features, can be calculated by using the 
formula in equation 8. 

∑ >) − > =) − = .

∑ >) − > R∑ =) − =
R.

 
(8) 

The values vary between -1 and 1 depending on how the values of > and = relate to each 
other. A negative value indicates that = decreases when > increases and a positive value 
signifies that both the values of > and = increases together. Having a correlation 
coefficient equal to zero means that the variables are uncorrelated (A Dictionary of 
Computer Science, 2016). Table 2 summarise a guideline for interpreting the strength of 
correlation coefficient.  
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Table 2. In this table the strength of the correlation coefficient is described (Ratner, 
2009, p. 140).  

Correlation coefficient Strength  
0 No linear relationship 

1 or -1 Perfect linear relationship 
Between 0 and 0.3 or 0 and -0.3 Weak relationship 

Between 0.3 and 0.7 or -0.3 and -0.7 Moderate relationship 
Between 0.7 and 1 or -0.7 and -1 Strong relationship 

Studying the correlation coefficient can give information about the association between 
the values. But it is important to realise that a high correlation does not automatically 
mean causation. The variables can accidentally be correlated and if the relationship 
between the values are not linear the correlation value can be misleading (A Dictionary 
of Computer Science, 2016).  

In this study a R-function called findCorrelation was used to find highly correlated 
variables. The correlation was only calculated among the attributes, ", and therefore the 
correlation between the features and the dependent variable, $∗, were not concerned. 
The findCorrelation-function takes a correlation matrix as input and searches through 
the matrix for finding pair-wise correlations. The function outputs a vector of columns 
of these pair-wise correlations. If the function finds a pair of variables having a high 
correlation the function studies the absolute value of the mean correlation for each 
variable and outputs the variable having the largest mean absolute correlation. A cutoff 
value is set for the absolute pair-wise correlation, it could for example be set to 0.7. This 
implies that attributes having an absolute correlation value higher than 0.7 and have the 
highest mean absolute correlation in the pair will be removed in the dataset (Kuhn, 
2018). 

3.41 Model1selection1

When the dataset attributes have been selected the Machine Learning model is trained. 
In order to evaluate the model performance of each of the algorithms and be able to tune 
the algorithms, some measurements are applied to the results. In this part, some 
commonly used measurements for classification are presented.  

3.4.1, Model,evaluation,using,confusion,matrix,

When performing binary classification, it is possible to do two types of classification 
errors. It is possible to misclassify a plan which needs a rigid barrier to the category No 
rigid barrier but it is also possible to incorrectly assign a plan which does not need a 
rigid barrier to the category Rigid barrier. When evaluating the performance of the 
classifier it is therefore interesting to determine the amount of correctly and incorrectly 
classified observations and which type of classification errors are made.  
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By creating a confusion matrix it is possible to present information of the different 
classification errors. The matrix gives information about the overall classification error 
but also the errors made for the different classes (Hastie et al., 2013, pp. 145-148). On 
the diagonal of the confusion matrix the correctly classified predictions are placed and 
on the off-diagonal the values of the incorrectly classified observations are presented 
(James et. al., 2013, p. 158). Studying errors for the different classes makes it possible 
to adjust the performance and create a classifier which meets the specific needs. Table 3 
is an example of a confusion matrix, where True Negative and True Positive consists of 
the number of correctly classified examples and False Positive and False Negative are 
incorrectly classified examples (Hastie et al., 2013, pp. 145-148). 

Table 3. Confusion matrix (Davis & Goadrich, 2006, p. 235). 

 
 
 

Observed 
class 

                         Predicted class 
 

 Negative Positive 

Negative True Negative (TN) False Positive (FP) 

Positive False Negative (FN) True Positive (TP) 
 
 

3.4.2, Accuracy,based,evaluation,,

Based on the correctly and incorrectly classified examples in the confusion matrix, it is 
possible to calculate different classification rates (Davis & Goadrich, 2006, p. 235). The 
most straightforward measurement is the accuracy rate, it displays the relation between 
the observed and predicted values (Johnson & Kuhn, 2013, p. 254). The accuracy rate 
can be calculated from the values in the confusion matrix, see equation 9. 

pqqr?>q$ = . s/ + se
s/ + se + t/ + te. 

(9) 

There are some disadvantages to only use the accuracy rate when evaluating the 
performance of a classifier. First, the accuracy rate does not make any difference on 
what type of error has been made. This can be a disadvantage if the cost of the different 
misclassification errors differs. One example could be when emails are classified in 
spam-filtering. In this case, the cost of deleting an important email is higher than 
allowing a spam email passing through a spam filter. In such a case when the cost of the 
classification errors is different the accuracy rate may not measure all the important 
characteristics of the model. Therefore, additional measurements can be of interest for 
the classifier (Johnson & Kuhn, 2013, pp. 254-256). For that reason, equation 10-13 are 
often used when evaluating the performance of a classifier (Davis & Goadrich, 2006, p. 
235).  
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u@Nv:Y:j:Y$ = s?r@.eBv:Y:j@.?>Y@ = ..9@q>ww = . se
se + t/ (10) 

ux@q:1:q:Y$ = .s?r@./@;>Y:j@.?>Y@ = . s/
s/ + te (11) 

eBv:Y:j@.x?@<:qY:j@.j>wr@ = .e?@q:v:BN = . se
se + te. 

(12) 

t>wv@.eBv:Y:j@.9>Y@ = . te
te + s/ (13) 

Equations from (Ting, 2017).  

The sensitivity rate of a model describes how frequent the event of interest is predicted 
correctly for all samples having this event. Since the sensitivity rate measures the 
accuracy for the event of interest it is also called the True Positive rate. The specificity 
rate describes how frequent non-event examples are classified as non-events, therefore it 
is also called the True Negative rate. It often exists a trade-off between the specificity 
and the sensitivity of a model. When increasing the sensitivity of a model it is probable 
that it results in a loss of specificity since more samples will be classified as events. The 
trade-offs between sensitivity and specificity might be concerned when there are 
different costs for the different types of errors. In spam filtering, it is preferred to have a 
high specificity since people are willing to get spam emails if important emails are not 
deleted. By using Receiver Operating Characteristic (ROC) curves it is possible to 
evaluate this trade-off (Johnson & Kuhn, 2013, pp. 256-257). 

If there is a problem with incorrectly predicting which class to assign certain 
observations, the classification probability threshold used in Bayes classifier, see 
section 3.2.1, can be altered. For example, the threshold can be set to 0.2 and then an 
example will be assigned to class 1 if Pr Y = 1 X = "D > 0.2. This will change the 
overall accuracy rate but also the True Positive and False Positive rates. Which 
threshold value to use must be based on knowledge in the specific domain (Hastie et al., 
2013, pp. 146-147).  

3.4.3, Receiver,Operating,Characteristic,curves,

To visualise errors, a ROC curve can be plotted, showing the trade-off between the True 
Positive rate and the False Positive rate for all possible thresholds. Studying the area 
under the ROC curve, also called the AUC, gives the overall performance of a classifier, 
summarised over all thresholds. A ROC curve following the top left corner, making the 
AUC area as big as possible were the True Positive rate is high when the False Positive 
rate low, is an ideal ROC curve (Hastie et al., 2013, pp. 146-147).  
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Figure 8. Plot the True Positive rate against the False Positive rate to get a ROC curve. 

3.51 Overfitting,1Training1and1Test1Error1

Choosing an appropriate model that fits the measurements is important when using 
quantitative methods (Hawkins, 2003, p. 1). When training a model, it is possible that a 
polynomial of higher degree fit the training data better than polynomials of a lower 
degree. But when the degree is too high the model probably will overfit the training 
data. This is a problem since the performance of the model will be poor when validation 
data is being used. The process of choosing the degree of the polynomial of the model is 
referred to as model selection (Norvig & Russell, 2003, p. 709).  

3.5.1, Overfitting,

As mentioned it is important to choose appropriate models for quantitative 
measurements. Some aspects that need to be considered when doing model selection is 
overfitting and the principle of Occam’s Razor (Hawkins, 2003, p. 1). Occam’s Razor 
or the law of parsimony suggests that simplicity is preferred and “plurality should not 
be posited without necessity” (Britannica Academic, 2018). Using this principle for 
choosing models implies using models that contain all that is necessary but nothing 
more. When overfitting a model this principle is violated by using too many terms and 
this can result in a too flexible model (Hawkins, 2003, p. 1).  

3.5.2, Training,and,Test,Error,

As previously mentioned in the beginning of the Machine Learning chapter, the model 
is trained using a training set consisted of pairs (", $). The most usual approach for 
quantifying the accuracy of the estimate 1 in classification is the training error rate. The 
training error rate is the fraction of mistakes which is performed if we apply the 
estimate 1 to the training observations. It can be described by 

1
N y($) ≠ .$)).

P

)+,
 

(14) 
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were $) is the predicted class for the :th observation using the estimate 1. y($) ≠ .${) is 
a indicator variable which is equal 1 if $) ≠ .${  and 0 if $) = .${ (Hastie et al., 2013, p. 
37). 

The error rate which are given when observations not included in the training data set is 
predicted is called the test error. The test error rate for test observations on the form 
("D, $D) is  

pj@(y $D ≠ .$D ) (15) 

Here $D is the predicted class label that results from applying the classifier to the test 
observation with the attribute "D. The classifier having the smallest test error rate is said 
to be the best (Hastie et al., 2013, p. 37). 

3.5.3, KRfold,crossRvalidation,

To evaluate the accuracy of the classifier a method having a low bias and low variance 
is preferred (Hastie et al., 2013, p. 36). The evaluation can be done by doing cross-
validation on the training data. There are several methods of cross-validation, one 
example is leave one out cross-validation and another example is the a-fold cross-
validation (Hastie et al., 2013, p 176-181). 

Cross-validation is a resampling method used for estimating the model performance. 
For a-fold cross-validation the dataset sample is divided into a equally sized sets. The 
model is trained on a − 1 of the subsets and validated on the remained set, also called 
the hold-out sample. The a-fold cross-validation procedure starts by using the first fold 
as the first validation subset and then it changes the validation subset when it iterates 
over the different folds. The hold-out sample is used for the model prediction and 
evaluate the model performance. This procedure is repeated a times, each time using a 
new subset for validation. a is often chosen to be 5 or 10 but there is no rule. Having a 
larger value of a leads to larger size differences which also leads to smaller bias of the 
technique. This means that the bias for a = 10 is smaller than for a = 5. Bias is 
described as the difference between the estimated and the true values of the 
performance (Johnson & Kuhn, 2013, pp. 69-70).  

 

Figure 9. Visualisation of K-fold cross-validation were K=4.  
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4.1Data1
In this chapter, the data used for training and validating the model are described. 
Primary geographical data has been used for creating the dataset since the dataset had to 
reflect the site-specific settings within the city of Helsingborg. To visualise and interpret 
the geographical data, a geographical information software called QGIS has been used. 
For some cases the geographical data had to be extracted and transformed, for this data 
pre-procession a software tool called FME was used. A detailed description of how the 
data was pre-processed and transformed can be found in chapter 5.  

Data used for creating the dataset in this thesis was separated into TCP data and 
Geographical data. The TCP data was divided into two different types of data which 
were TCP surfaces and TCP judgments. A summary of the different categories can be 
found in figure 10. Both the Geographical data and the TCP surfaces had the same 
geographical format, which was vector format. This made it possible to use them in 
geographical software such as QGIS and FME. A description of these programs is 
found in section 5.1.7. The categorisation distinguishes between data related to the 
TCPs and data related to the geographical surrounding. The TCP judgments consisted of 
PDF-documents related to each of the TCP surfaces, e.g. each surface which 
corresponded to one TCP had one TCP judgement related to it. Geographical data was 
primarily provided by the Swedish National Road Data Base (abbreviated NVDB in 
Swedish) which distribute geographical road data of Sweden. In addition to the data 
provided by NVDB site-specific geographical data provided by the City of Helsingborg 
was used. All attributes used for training the classifier were based on TCP data and 
geographical data. A summary of the data used for the different datasets can be found in 
Appendix D-G. 

 

 

Figure 10. Description of data used for creating the datasets.    
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4.11 Geographical1data1

The data used for receiving site-specific information about the surrounded environment 
for each TCP surface was given by geographical vector data. Most of the geographical 
data were obtained from NVDB in Sweden but traffic flow, public transportation and 
schools are some examples of data which were provided by the City of Helsingborg. 
Since NVDB consisted of a large amount of data, not all data were relevant for this 
thesis. Therefore, data had to be targeted, pre-processed and transformed. This process 
is explained in further detail in chapter 5. The main reason for using the geographical 
data in the dataset was to be able to measure the Euclidian distance between the TCP 
surfaces and the site-specific geographical objects. The geographical objects were 
divided into four subcategories which were Places and public transportation, 
Pedestrian, bicycle and moped road type, Roads and Road attributes. The first three 
subcategories were all used for calculating the Euclidian distance as presented in figure 
11. The fourth subcategory, Road attributes, consisted of characteristics for each of the 
car roads. 

 

 

Figure 11. Euclidian distance between a TCP surface (pink polygon) and a 
kindergarten (blue point) and school (pink point).  

4.1.1, Places,and,public,transportation,

Places and public transportation were solely used for calculating the distance from a 
TCP surface to a kindergarten, primary school, high school and bus stop. The geometry 
of all of these places were points. Public transportation which included the routs of the 
busses were also included in this subcategory. The public transportation routes were 
represented as lines and the data originated from Region Skåne. Thus the data has been 
adjusted by the City of Helsingborg since several errors were found in the data.  
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4.1.2, Pedestrian,,bicycle,and,moped,road,type,

This subcategory consisted of geographical data for pedestrian, bicycle and moped road 
types. For Helsingborg there were seven different types of data available which were; 
Bicycle lane, Bicycle path, Bicycle crossing, Pedestrian crossing, Pedestrian crossing 
without marking and stairs (Swedish Transport Administration, 2017a, p. 10). All types 
except for the stairs were included in the dataset. Stairs were not selected since it was 
not a meaningful object to include in the dataset for the TCPs. All selected types were 
used for calculating the distance between the TCP surfaces and the different road types.  

4.1.3, Roads,

This subcategory included different types of roads obtained from NVDB. The different 
types of roads were; Pedestrian street, Living street, Highway and Expressway 
(Swedish Transport Administration, 2017b, c, d, e). The data was used for calculating 
the distances between the different roads and the TCP surfaces. 

4.1.4, Road,attributes,

The road attributes consisted of information regarding the characteristics of the roads in 
4.1.3. The road characteristics concerned were; Traffic flow, Road width, Speed limit, 
Bearing capacity, Functional road class and Functional prioritised road network. 

Traffic flow 

The traffic flow included information about the yearly amount of traffic and this data 
was distributed by the City of Helsingborg. The traffic flow measurements were 
performed on 280 different places within the city. The traffic flow data was separated 
into different types depending on the road users and time during the day. The different 
types of traffic flow used in this study were; total traffic flow during the day, total 
traffic flow during the night and fraction of heavy traffic. Were night time being 
between 6 AM and 10 PM. Parts of the road network not having any measurements 
received a conventionalised value (Johansson, 2018). 

Road width  

The road width included information regarding the widths of the roads in Helsingborg. 
Road width data was distributed by NVDB and the attribute could adopt a value 
between 1 and 23 meters (Swedish Transport Administration, 2017f, pp. 9-10). 
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Speed limit 

The speed limit attribute included information about the speed limits for the different 
roads in Helsingborg. The values varied between 5 km/h and 110 km/h and the speed 
limit data was provided by NVDB (Swedish Transport Administration, 2017g, p. 10). 

Bearing capacity 

The bearing capacity attribute included values for the bearing capacity of the different 
roads in Helsingborg. The data was separated into four different categories; BK1, BK2, 
BK3 and BK4 (Swedish Transport Administration, 2017h, p. 10). Having a low bearing 
capacity value meant that the road was more sensitive to heavy weights. Bearing 
capacity data was distributed by NVDB. The bearing capacity was included in the 
dataset since it provided information regarding which vehicles were able to use the road. 

Functional road class 

Functional road class is an attribute distributed by NVDB. For the functional road class, 
the roads are being classified based on their importance for the functionality of the 
whole road network connection. The attribute can adopt a value between 0 and 9 were 
class 0 is assigned the most important roads and 9 to the less important (Swedish 
Transport Administration, 2017i, p. 5).  

Functional prioritised road network 

Functional prioritised road network is an attribute distributed by NVDB (Swedish 
Transport Administration, 2016, p. 5). Only roads which were functional prioritised 
were included in this dataset. 

 

 1
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4.21 Traffic1Control1Plan1surface1data1

Data used for training the model partly consisted of approved TCP surfaces between the 
10th of January 2016 and the 28th of December 2017 from the City of Helsingborg. The 
TCP surfaces were given in geographical vector format, consisting of different 
polygons. Figure 12 shows the Geographical data combined with the TCP surfaces in 
pink, each polygon corresponding to one TCP. Each polygon also corresponded to one 
row in the attribute table of the TCPs. The attribute table consisted of 1510 data points 
each having 17 attributes. But the final dataset used for training the Machine Learning 
models consisted of 773 data points. Each row in the attribute table represented one 
TCP and each column represented one attribute. 

In addition to the geometry which gave the size and placement of each TCP surface, 
some attributes were selected for the data targeting. In section 4.2.1 to 4.2.3, the 
selected attributes are described in more detail. 

 

Figure 12. Geographical data displayed in QGIS. TCP surfaces in pink combined with 
other geographical data such as roads, schools and bus stops. The table on the right is 

the attribute table of the schools.  

4.2.1, Type,of,work,

Since the Type of work-attribute was a free text field in the TCP application, data had to 
be pre-processed before it could be used. The attribute values of the Type of work 
attribute were therefore categorised into 17 different categories. In the categorisation 
types of work using the same kind of barriers were aggregated. Type of works using 
same type of words in the application were also aggregated. The categorisation was 
thereafter confirmed by a traffic technician at the Traffic unit. The roadwork 
categorisation can be found in Appendix H.  
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4.2.2, Area,

The area of the TCPs refers to the area in square meters for each of the surfaces. This 
attribute already existed in the available TCP surface data received from the City of 
Helsingborg. 

4.2.3, Length,

The length of the TCP refers to the perimeter of the TCP surfaces and was measured in 
meters. The length of the TCP surfaces existed in the available data of the TCP surfaces 
from the City of Helsingborg. 

4.2.4, Days,

Each TCP application had a start date and an end date. Based on these values the 
number of days performing the roadwork could be extracted. 

 1
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4.31 Traffic1Control1Plan1judgement1data1

The TCP judgment data consisted of a collection of PDF-documents, each document 
corresponding to one TCP. The document included the application from the contractor 
and for some cases a note from the traffic technician. These documents were used for 
classifying the attribute tables in the TCP surface data. The PDF-documents contained 
sketches of how the roadwork would be performed and included safety barrier symbols 
depending on what barriers or road equipment to use. An example of a sketch can be 
found in figure 1 in section 2.1. If the traffic technician remarked on having a too weak 
safety barrier the TCP judgment contained a note stating this. 

One aspect which was important to understand was if the contractor suggested a rigid 
barrier in the application, the traffic technician would not remark on this and say that it 
was not needed. The traffic technician would only comment if the TCP application was 
in need of a rigid barrier. 

 

Figure 13. A part of the TCP judgement data (City of Helsingborg, 2017b).   
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5.1Research1methods1
Both quantitative and qualitative research methods have been used for performing the 
study. The qualitative research method has primarily dealt with extracting geographical 
information to create the datasets and the qualitative research method considered the 
interviews held with the traffic technician. This chapter will clarify how these 
procedures have been carried out in this study.  

5.11 Quantitative1research1methods1

Since the amount of available data in NVDB was large, data had to be selected, pre-
processed and transformed before the Machine Learning models were trained. The 
process of targeting, pre-processing and transforming data was iterated several times to 
get the desired datasets.  

5.1.1, Data,targeting,

Data targeting refers to selecting what data to use for modelling. Based on information 
from the interviews and by analysing the available NVDB-data, several types of data 
could be discarded.  

It was clear that a combination of different types of roads played an important role for 
the need of having a rigid safety barrier or not. Also, the road attributes such as speed 
limit, road width and bearing capacity were of great importance. Information from the 
first interview with the traffic technician at the Traffic unit in Helsingborg indicated that 
unprotected road users such as pedestrians and cyclists played an important role in 
terms of what safety barriers to use. For that reason, all data containing information 
about pedestrian, bicycle and moped road types were targeted from NVDB. Data 
regarding schools and kindergartens were obtained as open data from Helsingborg since 
Arbete på väg, proposed that children, disabled and elder persons’ safety should be 
considered when performing a roadwork (Swedish Association of Local Authorities and 
Regions, 2014, p. 39). Data regarding public transportation and traffic flow were 
targeted since a high traffic flow could contribute to the need of a rigid barrier. Also, the 
routes of the public transportation could give meaningful information about the traffic 
situation.  

The data in the attribute table related to the TCP surfaces consisted of 17 attributes. But 
several attributes could be discarded immediately due to not giving any information 
related to the safety barriers. Contact person, contractor and telephone number are 
examples of attributes which did not provide any information about the actual 
roadwork. Based on the attribute table for the TCP surfaces an excel file was created, 
containing all TCP surface attributes. This was done by converting the geographical 
TCP surface data in gdb-format to xslx-format in FME. 

 ,
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5.1.2, Data,classification,

In order to train the classifiers, a dataset containing classified TCPs had to be generated. 
A column dedicated to classifying if a rigid barrier was needed or not was added for 
each of the TCP applications in the excel file. The excel file consisted of 1510 TCPs in 
total. The classification was performed manually by studying the TCP judgement data. 
Each PDF-document corresponded to one TCP surface and by evaluating the judgement 
data, each surface could be classified as in need of rigid barrier or not. If the TCP was in 
need of a rigid barrier the value was set to 1 and if no rigid barrier was needed the value 
was set to 0.  

The classification procedure started by matching the PDF-document with the right TCP-
row in the excel document. The start date and end date were often used for finding a 
match. But since the generated TCP data was based on an application form were free 
text fields were allowed, empty fields occurred and for some applications the dates did 
not match. Besides finding matching dates other attributes such as contact, customer 
and type of work were checked before matching them.  

When a match was found between the TCP data and the TCP document the 
classification was carried out. Information about what kind of barrier was needed could 
be found in several places in the TCP document. Therefore, the document first was 
analysed to find any annotations from the traffic technician. If any comments regarding 
the barriers were found, the plan was classified accordingly. If no annotations regarding 
the barriers were found the attached sketch was studied. The quality of the sketches 
varied, some were produced in a software programme, some drawn by hand. Documents 
having deck barriers, cement barriers and Truck Mounted Attenuators were classified as 
in need of rigid barriers. In certain sketches it was written what kind of barriers to use 
and for some only symbols were drawn. For some cases it was difficult to determine 
whether a rigid barrier was suggested or not, for these cases the rest of the application 
was studied in order to obtain more information about the work. If it was stated in the 
application what kind of barriers that were supposed to be used, the TCP data was 
classified accordingly. For all other cases where it was not possible to determine what 
kind of barriers were suggested, the TCP data was not classified. 

5.1.3, PreRprocessing,of,data,

Data pre-processing primary means determine how the data should be presented in the 
dataset. For this study, both continuous values such as distances in meters and 
categorical values such as the type of work categorisation were used to create a desired 
dataset.  

The TCP data was studied and data related to the type of work attribute had to be 
categorised into 17 classes. The categorisation was based on interview information but 
it was also confirmed by the traffic technician at the Traffic unit. Information about the 
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attribute can be found in section 4.2.1 and the categorisation is presented in Appendix 
H.  

During this phase, car roads were divided into several types which were pedestrian 
street, living street, highway and expressway. These four roads were extracted from 
NVDB. All of these roads had some attributes connected to them which described the 
characteristics of the road. Each road had the following attributes; Traffic flow, Road 
width, Speed limit, Bearing capacity, Functional road class and Functional prioritised 
road network. Since each of the TCPs could be connected to or include several roads 
there existed a 1:/-relationship. This had to be considered when creating the dataset 
since the number of attributes had to be kept relatively few, due to the curse of 
dimensionality explained in 3.5.2. 

The values of the road attributes for a specific TCP surface were set by selecting the 
road attribute of the nearest road object. The closest road object was selected because of 
its impact on the roadwork environment. It was apparent that a road which was situated 
on the same place as the roadwork was of greater importance for the barriers than a road 
situated 100 meters away. If it appeared that the closest road object had the same 
distance to a TCP surface than another road object a selection of which road attribute 
value to use had to be done. This could for example occur if a TCP surface crossed 
several roads. Since all crossing roads had a distance equal to 0 meters a selection of 
which value to use had to be done. Therefore, some predetermined rules were applied 
when there existed several road objects having the same distances. When the road 
attribute concerned was speed limit, AADT, AADT night, AADT heavy traffic or road 
width the maximum value was chosen. The reason for choosing the maximum value 
was because having a high speed limit, large amount of traffic and a wide road width 
most likely would lead to the need for a rigid barrier. For the functional road class and 
bearing capacity the minimum value was chosen. Having a low functional road class 
value implied that the road was important for the rest of the road network. Having a low 
bearing capacity value meant that the road was more sensitive to heavy weights. 

The car roads were the only roads having attributes linked to them. The other roads such 
as bicycle path, bicycle lane, pedestrian crossing, public transportation did not have any 
corresponding attributes. Data for these roads were therefore only represented as 
continuous or categorical distances in the dataset. A continuous distance referred to the 
distance from the TCP surface to the closest bicycle lane, pedestrian crossing etc. in 
meters. Having a categorical distance meant that the distance value was either 1 or 0 
depending on how far from the TCP surface the geographical object appeared.  

 

 1



41 
"

5.1.4, Data,transformation,and,dataset,selection,

This section describes and motivates the structure of the datasets and in short explain 
the data transformation carried out in FME. In total four datasets were created to train 
the algorithm. The reason for creating four different datasets was based on the fact that 
there were two different aspects in the data which were difficult to determine on how to 
model in the dataset. The first matter to consider was the road attributes. Based on 
information yielded during the interviews, road attributes were an important factor in 
the decision-making process of having a rigid barrier. During the data pre-processing it 
was discovered that it was difficult to model the road attributes in the dataset because of 
the 1:/-relationship between the TCP surfaces and the road attributes. The second 
aspect to take into account when creating the dataset was to determine if the distance 
attribute values should be continuous or categorical. For that reason, four different 
datasets were created, considering all combinations of these aspects. Figure 14 shows a 
summary of the different datasets and their characteristics.  

 

 

 
 

Figure 14. Table explaining the different dataset characteristics  

Continuous or categorical distances 

A NeighborFinder-transformer was used in FME to find the nearest places and nearest 
roads of a TCP surface. The attribute values for the distances could either be continuous 
and measured in meters or be categorical by setting a maximum radius distance. Based 
on this threshold value the distance values of the features were set to either be 0 or 1. 
The attribute value was set to 1 if the distance to the object was shorter than the 
threshold, which meant that the object was situated within a circled area which had the 
threshold value as radius. If the distance was longer than the threshold value, the 
attribute value was set to 0. Figure 15 visualise how the attribute values were obtained. 
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Figure 15. Description of how maximum distance value was used for creating the 
categorical attribute values in the dataset.  

 
The distance threshold was set to ≤ 3 meters for all roads in 4.1.2, 4.1.3 and public 
transportation. For the places described in 4.1.1, the threshold value was set to ≤ 10 
meters. These values were based on the TCP judgment performed by the traffic 
technician. If a school was situated within 10 meters it would probably affect the site-
specific settings of the working area. For the roads a lower distance limit was used since 
it was important to know if the roadwork was situated on a road. The reason for not 
setting the distance limit to 0 for the roads was due to a lot of important information of 
roads situated in relation to the roadwork would have been ignored. If the roadwork for 
example would be performed on a bicycle lane, it could be valuable to know if the 
bicycle lane is situated 2 meters from a highway, seen from a safety perspective. 

Road attributes 

The other aspect which was considered when creating the datasets were the road 
attributes described in 4.1.4. I was not desired to have several columns for each of the 
road attributes in the dataset. But since several roads could be important for one TCP 
surface a selection of which value to choose was made. Since it was difficult to model 
the 1:/-relationship between the road attributes and the TCP surfaces, datasets with 
and without road attributes were created.  

Datasets 

Dataset 1 and dataset 2 did not include any road attributes, instead, they only were 
based on information about places and roads. But for dataset 3 and 4 road attributes 
were included. For dataset 1 and 3 distance in meters was used as a measurement to get 
information about the nearest neighbour. For dataset 2 and 4, a maximum radial 
distance threshold was set and based on this value the feature values were set to 0 or 1. 

,
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5.1.5, Feature,selection,,

A feature selection process was carried out for each of the four datasets. The feature 
selection process performed was based on the procedure described in figure 7 in chapter 
3.3. First, a wrapper method was used for find and remove irrelevant features. This was 
done by running the algorithm in the Boruta package, using Random Forest as a 
learning algorithm.  

Thereafter a filter method was carried out to discover redundant features. This was 
performed by calculating the correlation between the attributes using the findCorrelation 
function in the Caret R package. The findCorrelation function took a correlation matrix 
as input and found all attributes that were highly correlated. The limit for highly 
correlated attributes was set to > 0.7 based on the guideline for interpreting the 
correlation coefficient in table 2 in section 3.3.2. By using this function, it was possible 
to discover highly correlated attributes in the dataset and decide if they should be 
removed or not.  

All features that were found to be unimportant were removed during the feature 
selection process. Features that had a correlation value over 0.7 were investigated in 
order to remove redundant features. A feature was removed if there existed any reasons 
to believe that the attribute was redundant, otherwise the feature was kept.  

5.1.6, Model,selection,,

To evaluate the performance of the different algorithms and datasets the accuracy 
measurements described in 3.4.2 were used to evaluate the model performance. The 
dataset and algorithm which had the lowest test error rate and therefore the highest 
accuracy were seen as the best performing ones. The dataset that was proven to have the 
highest accuracy was then used to try several algorithms. The accuracy measurement 
used was the mean accuracy value when performing 10-fold cross-validation. In 
addition to the accuracy measurement, the sensitivity rate of the model had an important 
role in the performance evaluation. In this study, the positive observations were 
observations belonging to class 1. 

 ,
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5.1.7, Software,

Quantum Geographic Information System - QGIS 

QGIS is a software for geographical data. By using QGIS, geographical data could be 
visualised in several map layers. In this thesis, QGIS primary was used for 
understanding the geographical data and visualising how different types of data related 
to each other. When selecting which attributes to use for the classification, QGIS was 
used as a tool for understanding the complexity of the different roads. Each map layer in 
QGIS had one attribute table which included information about the data. One example 
could be the map layer for the TCPs, which contained the surfaces for the TCPs. The 
corresponding attribute table consisted of information about who sent in the application, 
start time, end time, type of work and measurement of the surface.  

 

Figure 16. QGIS. 

Feature Manipulation Engine - FME 

FME is a software for data integration and it has spatial support (Safe Software, 2018), 
which means that it is possible to extract and convert geographical data. In this thesis 
FME mainly has been used for the data pre-processing part and the construction of the 
dataset. Several FME-workspaces have been created in this thesis. Figure 17 shows a 
workspace for combining the geographical data with the TCP data. First, a workspace 
for creating the training dataset was built. It combined gdb-files containing geometry of 
the TCP surfaces with the excel file containing all the classified TCP data. Another 
workspace, quite similar to the previous, was created for constructing the dataset 
directly from a TCP surface. This was used for creating the dataset for previously 
unseen TCP surfaces. This was used for creating the test dataset for the sample data 
from 2018.  

FME is based on the use of transformers, each blue box in figure 17 correspond to one 
transformer. The transformers are used for performing several tasks, for example 
performing data transformation. The most frequently used transformer for creating the 
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dataset was the NeigborFinder-transformer. It was used to create a list of all the nearest 
neighbour’s and obtain the distances of all attributes of the nearest roads, schools etc.  

 

Figure 17. FME. 

R 

R is both a language and software for statistical computing (The R Foundation, 2018). R 
was used for the feature-selection and model selection part. This included calculating 
covariance of the features, calculating importance of features, training the algorithms, 
making predictions and evaluating the performance. R has several built in functions 
which were used for performing these calculations. For the algorithms, several packages 
were installed to perform the training and the prediction.  

 

Figure 18. R. 

 1
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5.21 Qualitative1research1methods1

To accept or decline a TCP is a decision made by a traffic technician which is an expert 
in the field. In chapter 2 this evaluation is described from the expert’s point of view. 
Even though there are certain criteria that must be fulfilled in order to accept a TCP, the 
traffic technician is the one making the judgment based on his or her knowledge. In 
order to gain knowledge about how TCPs were reviewed, two interviews were 
conducted with a traffic technician at the City of Helsingborg the 31st of January 2018 
and 9th of February 2018.   

In Qualitative HCI Research Blandford, Furniss and Makri distinguish between 
different approaches for collecting data. Two of these approaches are Contextual 
Inquiry and Participant Observation. Within the Contextual Inquiry approach data 
gathering and analysis are shaped by the information flow, artefacts and information 
about the computer interaction. This approach is useful when gaining insights for how 
artefacts are used within the work. Within the Participant Observation approach, the 
researcher participates in the setting which is being studied. Instead of just getting 
insight in how the information flow and how artefacts are being used, the researcher 
experience something similar to what the performer experience in that situation 
(Bladford et. al., 2016, p. 9). By using interview methods that are influenced by 
Participant Observation and Contextual Inquiry it is possible to provide an 
understanding of the context and environment that interviewees are active within and 
also how the particular work of the interviewee is performed.  

5.2.1, Participant,Observation,

Participant observation is an informal way of interviewing and reminds of a casual 
conversation but differs in two ways. The first reason is that researchers are interested in 
some phenomena more than others are in general, this leads to directed questions from 
the researcher. The other reason is that the researcher will take notes during the 
participant observation and therefore will ask more questions than in a casual 
conversation case. The main goal of performing an interview during a participant 
observation is that this technique lets the researcher participate in and observe events in 
an objective way. The researcher’s main rule during the participant observation is that 
interviewing and conversation only should be done by the researcher to understand and 
follow the lead. The reason for this is because the conversation should have minimal 
impact on the topic and the interaction flow of the interviewee (DeWalt et. al., 2010, p. 
121).  

The interview can have different characteristics and the scale in figure 19 explain how 
different characteristics relate to each other.  
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Figure 19. Different characteristics of an interview.   

The interviews performed in this study during the participant observation had semi-
structured characteristics where some pre-defined questions were asked. The first 
interview was held at the traffic technician’s office. Questions related to her work were 
asked and information about the working process, data and software were obtained 
(Granlund, 2018a). In order to be sure that all subject-areas were covered an interview-
guide was used during the interview. A summary of questions asked can be found in 
Appendix B. During this interview the degree of control was equally between me as a 
researcher and the informant. 

The other part of the participant observation had conversation characteristics. The main 
goal was to gain knowledge and important practical insight in how roadworks were 
performed in the city of Helsingborg and how TCPs should be judged based on the 
design of the city. The observation was a one hour long walk through the City of 
Helsingborg. During this session the traffic technician had a lot of control and 
determined most of the content. Information gained during the walk was primary local 
knowledge, knowledge how roadwork affects the traffic flow of the city and how 
complex the process was.  

The technique used for the interview and also the way of asking question plays an 
important role in the participant observation. Being an active listener implies that the 
researcher is aware of the conversation and tries to understand what the content means 
in this specific context and are aware of detailed information. The sensitive silence is 
another technique that must be concerned during the participant observation. Sensitive 
silence includes both showing attentiveness through body language and eye contact and 
also understand the importance of being quiet as a researcher. The reasons why 
researcher often talk when they should remain quiet are many. One is that the 
interviewee’s comment reminds the researcher of another topic and the researcher feels 
that he or she will forget to as the question later and therefore the researcher breaks the 
silence. Instead of breaking the silence, notes can be written to work as a reminder for 
the researcher which can ask the question later (DeWalt et. al., 2010, pp. 125-127). 

Summary feedback can be used by the researcher to summarise the last said content of 
the interviewee. The reason for using this method is to ensure that the researcher is an 
active listener and that perceived information is correct (DeWalt et. al., 2010, p. 130). 

Questions of “tell me more”-kind are used by the researcher to let the interviewee know 
that the researcher is interested in knowing more about this specific topic. Example of 
tell me more-questions are What else? What did you do then? and also that’s interesting, 
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tell me more about it. Clarification questions can be used to clarify words, event or 
other things that the researcher did not understand. Clarification is often needed at the 
beginning of the interview but should preferably be avoided since it breaks the flow of 
the conversation and topics may be changed (DeWalt et. al., 2010, p. 131). 

5.2.2, Contextual,Inquiry,

Contextual Inquiry is an approach for field data gathering in the area of Human-Centred 
Informatics that is used for integrating observations and interviews (Bladford et. al., 
2016, p. 68). A Contextual Inquiry method suggests that users are being interviewed in 
their workplace and that researchers watching them work at the same time as they 
talking about what they do and why they do it. The method is often used for projects 
were the design of technology is in focus. But in the Contextual Inquiry method in itself 
do not have a main focus in design, it is rather on how people perform their work, what 
their goals are and how they are trying to get there (Beyer, 2010, p. 28). Therefore, this 
method can be useful in situations when work and tasks are important information to 
receive.  

People are often unaware of what they do since everyday tasks become habitual and 
therefore people become unconscious of what they do. This makes it difficult to explain 
and articulate the practices and describe their everyday work in detail. By using 
Contextual Inquiry tacit and unconscious aspects can be discovered (Beyer & 
Holtzblatt, 2015, p. 11). A lot of clarification questions were asked to gather tacit 
knowledge about the work. As mentioned, tasks become habitual and it was necessary 
to ask “basic”-questions to know the motives of each task. It was important to point out 
that basic information was necessary both for my knowledge but also to understand how 
algorithms could be used to simplify the work.  

 1
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5.31 Sources1of1Error1

This section will highlight several possible sources of errors for the study performed in 
this thesis. When the TCP applications were studied for the manual classification the 
quality of the sketches varied a lot. For some cases, it was difficult to determine what 
type of barrier was suggested and for some applications it was not possible to classify 
them at all. Another aspect which was considered for the classification was the fact that 
an application which was sent in and included a rigid barrier would not get any 
annotation from the traffic technician even if a rigid barrier was not needed for that 
particular work. This could probably affect the classification made by the algorithm if 
the model was trained on a dataset containing such data points. 

When constructing the datasets, several parts could have contributed to error. First, the 
data used for constructing the dataset could have been incorrect. One probable source of 
error was the TCP surfaces which were drawn in a software tool when the application 
was sent in. It is possible that the surfaces are not that accurate. This will affect the 
dataset attributes since several of them are based on the distance between the area and 
surrounded roads and places. It will also affect which roads are closest and which roads 
are crossing the TCP surface. Another error source when it comes to the data used for 
creating the dataset is the fact that the geographical road data used was from 2018. 
Since the TCP applications used for training the model were from 2016 and 2017 it is 
possible that the road network has changed and do not look the same. Roads which 
existed before may not exist in the data from 2018 and new roads can have been added 
to the road network.  

It is difficult to produce a dataset which is representative and includes all necessary 
geographical information. Geographical data is complex and to extract the right 
attributes can be quite hard. Since each of the TCP applications are unique and there can 
be several reasons for having or not having a rigid barrier it is difficult to create a 
dataset which shows this diversity. Since all data points in the dataset must have the 
same attributes it is necessary to include the most important attributes in the dataset.  

It could also be difficult to create the dataset when having a 1:N-relationship between 
the TCP surfaces and the road attributes since this relationship not is possible to model 
in the dataset. If data is stored in a relational database consisting of several tables, these 
must be combined into one massive single table.  

All of the 1510 data points from 2016 and 2017 could not be used for training the 
models for several reasons. Since all of the TCP applications did not have a 
corresponding geometry it was not possible to measure the distance for them and 
therefore it was not possible to include them in the dataset. This problem could probably 
be solved if the application system required contractors to fill in a geometry for each 
application. Some TCPs could not be included in the dataset because of incorrect dates, 
this led to that some dates in the attribute table of the TCP surfaces did not match the 
dates in the TCP applications. Based on the example studied I propose that the main 
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reason was that TCP applications were extended and renewed, but the TCP surfaces and 
its corresponding attribute tables did not get updated in the system and therefore the 
dates did not match.  

Based on information received from the City of Helsingborg the geographical data for 
the public transportation routes includes several smaller errors. One example is that bus 
routes in traffic before December 2017 had double lines, this could lead to smaller 
errors when calculating the distances for the public transportation in the dataset.  

 1
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6.1Results1
In this section, the performances of the different dataset constructions and algorithms 
are presented. First, the results from the feature-selection process are presented for each 
of the four datasets. By using a wrapper method unimportant features were discovered 
and removed. Redundant features were discovered by using a correlation based filter 
method. Thereafter the performance of each of the datasets was evaluated using 
AdaBoost as a learning algorithm. The best performed dataset was picked out to train 
other algorithms such as RandomForest, K-Nearest Neighbour and Artificial Neural 
Network. The best performed dataset and algorithm was later used for classifying a 
sample dataset containing previous unseen TCP applications from 2018. The same 
sample dataset was also classified by the traffic technician. In the end, the results from 
the algorithm classification and the traffic technician classification were compared. 

6.11 Feature1selection1

To create datasets containing important features which do not have any redundant 
information the feature importance and feature correlation for each of the datasets were 
analysed. The feature selection process performed in this section was based on the 
procedure described in figure 7 in chapter 3.3. The results for the attribute importance 
was received from running the Boruta package in R, using Random Forest as a learning 
algorithm. The plots in figure 20-23 present the results for each of the datasets.  

As described in section 5.4.1 several datasets were created to test the different 
performances based on two different aspects; including road attributes or not and if the 
attribute values of the distances should be continuous or categorical. A short 
explanation of the datasets can be found in figure 14 in section 5.1.4. 

6.1.1, Dataset,1,

Dataset 1 was one of the simplest datasets and did not contain any road attributes. The 
dataset only consisted of distances to Places and public transportation, Pedestrian, 
bicycle and moped road type and Roads. Distances were measured in meters which 
meant that the distance values were continuous in dataset 1. When the Boruta algorithm, 
using the Random Forest algorithm, had run to find unimportant features, no 
unimportant attributes were found. The plot in figure 20 visualises the importance for 
each of the attributes in dataset 1. 



52 
"

 
Figure 20. Plot of the feature importance for dataset 1. 

The Boruta result plot consisted of several boxes, were the blue coloured boxes 
corresponded to the minimal, average and maximal Z score for a shadow attribute. Red 
boxes were rejected features and the green boxes corresponded to the confirmed 
features. A feature was found as being important if the attribute importance was higher 
than the importance of the shadow attribute. For that reason, no unimportant attributes 
were found in figure 20. Yellow boxes corresponded to attributes not having a result 
which is statistically significant compared to the shadow attributes. Since only the 
unimportant attributes were concerned in this study all green and yellow attributes were 
kept.  

By using the findCorrelation function a correlation matrix was obtained. Highly 
correlated attributes were removed by calculating the correlation matrix and finding 
highly correlated attributes. Attributes having a correlation coefficient higher than 0.7 
and therefore were said to have a high correlation were pedestrian street (d_ggata), 
school (d_grskola), bus stop (d_hållplats) and area (SHAPE_Area). Since pedestrian 
street had a high importance value, this feature was kept but the other highly correlated 
attributes were removed from the dataset.  

 ,
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6.1.2, Dataset,2,

For dataset 2 all distance values were categorical and therefore the attribute values 
either could be 0 or 1 depending on how far each object was from the TCP surface. 
Dataset 2 included distances to Places and public transportation, Pedestrian, bicycle 
and moped road type and Roads. Based on the results from the Boruta algorithm living 
street (d_gfartsom), school, high school (d_gyskola), highway (d_mväg) and pedestrian 
crossing (d_överg) were identified as being unimportant. The attribute importance for 
dataset 2 is visualised in figure 21.  

 
Figure 21. Plot of the feature importance for dataset 2. 

When the correlation values were calculated for each of the of the features it was 
discovered that the length of the TCP surface was highly correlated. Therefore, the 
length was removed from dataset 2. 

 ,
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6.1.3, Dataset,3,

In addition to Places and public transportation, Pedestrian, bicycle and moped road 
type and Roads, dataset 3 also included Road attributes. The distances were continuous 
and measured in meters. When running the Boruta algorithm bearing capacity (bk_min) 
and functional prioritised road network (fpvklass) were confirmed as unimportant 
attributes. The plot in figure 22 displays the feature importance for features in dataset 3. 

 

Figure 22. Plot of the feature importance for dataset 3. 

Highly correlated attributes were removed by calculating the correlation matrix. 
Attributes having a correlation coefficient higher than 0.7 were length 
(SHAPE_Length), school, pedestrian street, public transportation (d_busslinje) and 
traffic flow during the night (ADT_Natt.max).  

Bearing capacity and functional prioritised road were removed from the dataset based 
on the low importance rate. The length of the surface, school and traffic flow during the 
night were also removed from the dataset. Length was removed based on the high 
correlation to the area and school was removed based on the high correlation to both 
primary schools and high schools. Traffic flow during the night was removed based on 
the high correlation to ADT.  

 ,
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6.1.4, Dataset,4,

Dataset 4 contained Places and public transportation, Pedestrian, bicycle and moped 
road type, Roads and Road attributes. For this dataset all attribute values of the 
distances were categorical. Having a value of either 0 or 1 depending on how far each 
object was from the TCP surface. When using the Boruta algorithm it was found that 
bearing capacity, living street, school, high school, highway, functional prioritised road 
and pedestrian crossing were unimportant attributes.  

 
Figure 23. Plot of the feature importance for dataset 4. 

When the correlation matrix was calculated it was discovered that the length and the 
traffic flow during the day (ADT.max) were two attributes which had a high correlation. 
The length feature was highly correlated with the area attribute and the traffic flow 
during the day was highly correlated with the traffic flow during the night. Both these 
features and all unimportant features were removed from the dataset.  
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6.21 Machine1Learning1

This part presents the mean accuracy for the different datasets. The accuracy was 
calculated by running the AdaBoost algorithm. The training and validation data for the 
algorithm were separated by using 5 repeated 10-fold cross-validation. The value of 
mfinal, which is the number of iterations to learn the weak classifier in AdaBoost, was 
set to 100 for all of the datasets.  

Table 4. Mean accuracy value for each of the datasets before and after feature selection 
using 5 times 10-fold cross-validation. 

Dataset Mean accuracy before 
feature selection 

Mean accuracy after 
feature selection 

1 0.807 0.802 
2 0.798 0.803 
3 0.806 0.810 
4 0.793 0.785 

 

The results in table 4 indicated that dataset 1 and 3, having continuous distances in 
meters, had a higher accuracy than datasets using categorical distances, dataset 2 and 4. 
It also indicated that among the datasets which were trained before the feature selection 
process datasets not containing any road attributes, dataset 1 and 2, had a slightly higher 
accuracy than datasets containing road attributes. The accuracy of dataset 1 and 4 
decreased after the feature selection process, this could probably be due to information 
loss. For this study, the size of the datasets was not that large. But if the datasets would 
have consisted of a large number of data points it could have been a good idea to 
consider the computational time. If this was the case, dataset 4 after feature selection 
probably would have been selected since nine attributes were removed and still the 
accuracy decreased marginally. 

The differences between the accuracy of the different datasets were small and therefore 
there existed no statistical significance between the different accuracy rates. For that 
reason, it was not possible to say that dataset 3 after feature selection always would 
have the highest accuracy. Based on accuracy measurements in table 4, dataset 3 after 
feature selection was proven to be the dataset which had the highest accuracy. 
Therefore, this dataset was selected for training other algorithms.  

 

 
 
 
 1
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6.31 Algorithm1and1dataset1performances1

Based on the accuracy measurements for the different datasets in table 4, it was proven 
that dataset 3 after feature selection had the highest accuracy. Therefore, this dataset 
was selected for training the following algorithms; AdaBoost, RandomForest, K-
Nearest Neighbour and Artificial Neural Network.  

6.3.1, AdaBoost,

When the AdaBoost classifier was trained with dataset 3 after feature selection, 5 
repeated 10-fold cross-validation was used. A mfinal value set to 200 gave a total 
accuracy of 0.810, which was the same value as the results in the previous section. 
Setting mfinal to 300 increased the accuracy to 0.811. To receive the confusion matrix 
for the AdaBoost algorithm using mfinal=300, 10-fold cross-validation was performed. 
The confusion matrices were calculated for each of the 10 folds. Table 5 is the result for 
summing up the confusion matrices for all of the ten folds.  

Table 5. Confusion matrix for AdaBoost trained on dataset 3 after feature selection. 

 Predicted class 0 Predicted class 1 
Observed class 0 395 (TN)  65 (FP) 
Observed class 1  76 (FN) 237 (TP) 

 

Based on the results in table 5 the accuracy rates in table 6 were calculated using the 
equations in section 3.4.2. 

Table 6. Accuracy measurements for AdaBoost.  

Accuracy 0.814 
Sensitivity/True Positive rate 0.757 

Specificity 0.859 
Precision 0.785 

False Positive rate 0.141 
 

Based on the sensitivity rate and the specificity rate it is possible to notice that the 
AdaBoost model was better to classify TCPs not in need of rigid safety barriers than 
classify observations in need of rigid barriers. Since the cost of the two misclassification 
errors differed this was not a preferred result since it was more important to correctly 
classify TCP applications in need of a rigid barrier. By knowing which of these errors 
were made the classifier could be improved by adjusting the threshold of the classifier. 
This is an important aspect if the model should be used in the process of reviewing 
incoming TCPs at the City of Helsingborg since traffic technicians do not want to miss 
TCP applications in need of rigid barriers when making the judgement. As described in 
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section 3.2.1 where Bayes classifier is presented, these models try to model the 
conditional distribution of Y given M. This is thereafter used to assign an observation to 
the class which has the highest estimated probability. This means that the probability 
threshold for classifying an observation to a specific class was set to 0.5 for the result 
presented in table 5. 

Since it was worse to predict an observed class 1 as belonging to class 0 than the 
opposite it was desirable to get a higher sensitivity rate. In order to get a higher 
sensitivity rate the threshold value for the prediction was changed to 0.4. Which implied 
that if the probability for classifying the observation as in need of a rigid barrier was 
higher than 0.4 the observation was classified as in need of a rigid barrier. For that 
reason, the AdaBoost algorithm was run again, this time the threshold value was set to 
0.4. The confusion matrix for the AdaBoost algorithm using 10-fold cross-validation is 
found in table 7. 

Table 7. Confusion matrix when AdaBoost is trained on dataset 3 after feature 
selection, threshold value was set to 0.4. 

 Predicted class 0 Predicted class 1 
Observed class 0 306 (TN)  154 (FP) 
Observed class 1  37 (FN)  276 (TP) 

 

Table 8. Accuracy measurements for AdaBoost using 0.4 as a threshold value.  

Accuracy 0.753 
Sensitivity/True Positive rate 0.892 

Specificity 0.665 
Precision 0.642 

False Positive rate 0.335 
 

Changing the threshold value increased the sensitivity rate in a desired direction. Instead 
of having 76 False Negative observations changing the threshold value to 0.4 resulted in 
37 False Negative observations. As expected this thus affected the total accuracy in a 
negative way.1

 ,
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6.3.2, Random,Forest,

Dataset 3 after feature selection was also used for training the Random Forest 
algorithm. The algorithm used 5 repeated 10-fold cross-validation for splitting the data 
and the parameters were set to ntree=100 and mtry=5. Table 9 shows the confusion 
matrix for the all of the 10-folds using Random Forest when 10-fold cross-validation 
was performed. 

Table 9. Confusion matrix for the whole dataset using Radom Forest and 10-fold cross-
validation. 

 Predicted class 0 Predicted class 1 
Observed class 0 405 (TN) 55 (FP) 
Observed class 1 87 (FN) 226 (TP) 

 

Based on the values in the confusion matrix in table 9 the accuracy rates in table 10 
were calculated. 

Table 10. Accuracy measurements for RandomForest.  

Accuracy 0.807 
Sensitivity/True Positive rate 0.722 

Specificity 0.880 
Precision 0.804 

False Positive rate 0.120 
 

Based on the sensitivity and specificity rate it is possible to observe that the Random 
Forest classifier was better to classify TCP observations that did not need any rigid 
barriers. The overall accuracy was relatively good quite similar to the AdaBoost results, 
thus it would have been preferred to get a higher sensitivity rate. 

 ,
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6.3.3, KRNearest,Neighbour,

Before the a-Nearest Neighbour classification could be performed the dataset had to be 
normalised. This was made by performing a min-max normalisation on each of the 
attributes in the dataset. The algorithm was run using 10-fold cross-validation and the 
accuracy for a between 1 and 30 was calculated for each of the folds. The result 
showed that the a-value which led to the highest accuracy when predicting the test data 
was a=1. Using a=1 yielded a mean accuracy rate of 0.834. a=5 resulted in the second 
best accuracy, having a mean accuracy rate equals to 0.806. The third best value was 
given for a=3, which had an accuracy equal to 0.802.  

 

Figure 24. A plot of how the K-value depended on the accuracy, using a mean accuracy 
for the K-values based on the ten folds.  

 

Figure 25. Plot for the 10 folds showing the relationship between the model flexibility 
(1 a).and the accuracy. 
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According to the results for the different values of a the a// classifier produced the 
most accurate classification when a=1. This is an indication that the size of the dataset 
was too small. Choosing a value of a equal to 1 could probably lead to a high variance, 
therefore a value of a=5 was chosen. When performing the a// classification with 
a=5 using 10-fold cross-validation the confusion matrix in table 11 was obtained.  

Table 11. The confusion matrix for the 10-fold cross-validation using a//, K=5, based 
on mean values for all the ten folds.  

 Predicted 0 Predicted 1 
Observed 0 397 (TN) 63 (FP) 
Observed 1 86 (FN) 227 (TP) 

 

Based on the results in table 11 the accuracy rates in table 12 were calculated.  

Table 12. Accuracy measurements for K-Nearest Neighbour, K=5. 

Accuracy 0.807 
Sensitivity/True Positive rate 0.725 

Specificity 0.863 
Precision 0.783 

False Positive rate 0.137 
�

Since a// is an algorithm which is based on the distance between the observation and 
its nearest neighbours it is not possible to adjust a threshold for the predictions. Since all 
values of a between 1 and 30 were analysed and there were no other parameters to 
adjust, 5 was found to be the best one, it was not possible to do any other improvements 
to obtain a better sensitivity result.  

 ,
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6.3.4, Artificial,Neural,Network,

In order to train a neural network in R, the neuralnet package was installed to classify 
TCP applications. As described in chapter 3.2.6 there are several parameters which can 
be altered in a multi-layered neural network. For that reason, a trial and error approach 
was used for evaluating the model performance by adjusting the number of hidden 
layers and the number of layer nodes.  

The best result was obtained when the number of layers was set to two and the first 
hidden layer consisted of three nodes and the second layer consisted of one node. 
Typically, much larger datasets are used for training a neural network. Generally, more 
extensive networks are created, this is a fairly small network.  

The confusion matrix in table 13 and the accuracy measurements in table 14 were 
yielded when running the neuralnet algorithm using 10-fold cross-validation.  

Table 13. The confusion matrix for the neural net, using two number of layers having 
two respectively one number of nodes. 

 Predicted 0 Predicted 1 
Observed 0 348 (TN)  112 (FP) 
Observed 1  122 (FN) 191 (TP) 

 

Table 14. Accuracy measurements for the Artificial Neural Network.  

Accuracy 0.697 
Sensitivity/True Positive rate 0.610 

Specificity 0.757 
Precision 0.630 

False Positive rate 0.243 
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Figure 26. Plot of ANN having two hidden layers, the first consisting of two nodes the 
second consisting of one node.  

It is difficult to find an explanation for the poor performance of the Artificial Neural 
Network. But it could for example be a combination of having a too small dataset and 
having too many parameters to tune. 

By studying the results from the classifiers it was possible to see that the specificity rate 
was higher than the sensitivity rate for all of the classifiers. This meant that all of the 
Machine Learning algorithms were better to classify observations not in need of any 
rigid barriers than the ones in need. 

The AdaBoost classifier which used 0.4 as a threshold value for the prediction had a 
sensitivity rate of 0.892, this was the highest rate among all of the algorithms. 
Concerning the total accuracy, this AdaBoost classifier also performed quite well. The 
only algorithm having a higher total accuracy rate than AdaBoost was a// for a=1. 
But due to the risk of having a high variance when choosing a=1, the AdaBoost 
algorithm was chosen to be the one performing best for classifying the positive 
observations.  

The misclassifications made by all of the algorithms can be due to an incomplete 
dataset, which did not contain enough observations. This is also confirmed by the KNN 
classifier since K=1 had the highest performance. One explanation for why all of the 
algorithms were better to classify observations which did not need any rigid barrier 
could be the partition of the observations in the dataset. Of 773 observations in the 
training dataset, 460 observations belonged to class 0 and 313 observations belonged to 
class 1.  

 1
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6.41 Evaluation1of1Traffic1Control1Plans1from120181

In order to evaluate how the algorithm would perform on previous unseen 
TCP applications a sample dataset containing eighteen examples from 2018 was 
sampled. The dataset construction used was the same as for dataset 3 after feature 
selection which was explained in section 6.1.3. The algorithm used was AdaBoost, 
trying different thresholds. Both the dataset construction and the algorithm was chosen 
because of their performance in the previous tests described in 6.2 and 6.3. When 
evaluating the TCPs from 2018 the AdaBoost algorithm using mfinal=300 was trained 
on the whole classified dataset, consisting of 773 data points. Thereafter the sample 
dataset consisted of eighteen samples was predicted. In parallel, the traffic technician at 
the City of Helsingborg made a judgement regarding if a rigid barrier was needed or not 
for the different TCP applications. When both the algorithm and the traffic technician 
had made their classifications a comparison between the results were made.  

Since the performance of the AdaBoost classifier in section 6.3.2 varied a lot when the 
classification probably was altered, a ROC curve for the AdaBoost classifier was 
plotted. In that way, it was possible to get more information about what threshold to use 
for the classification probability. The values in the ROC curve were based on the mean 
accuracies gained when using 10-fold cross-validation for the different thresholds.  

 

Figure 27. ROC curve when iterating over different class probability values for 
AdaBoost. 

When running the AdaBoost algorithm several times and changing the threshold for the 
probabilities, the ROC curve in figure 27 was obtained. In the ROC curve the True 
Positive rate was plotted against the True Negative rate. The True Positive rate and 
False positive rate were calculated using 10-fold cross-validation, taking the mean 
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accuracy rates of the thresholds for the different folds. The ROC curve in figure 27 
follow the top left corner and is quite similar to the ideal ROC curve displayed in figure 
8 in chapter 3.4.3.  

When comparing the True Positive rate with the False Positive rate it is possible to 
identify that a threshold value between 0.5 and 0.35 could contribute to a desired 
performance. For that reason, the AdaBoost classifier using a threshold value of 0.5, 0.4 
and 0.35 was tried when classifying TCPs from 2018. Table 15 displays the confusion 
matrix for AdaBoost using 0.5 as the threshold value.  

Table 15. Confusion matrix for the AdaBoost algorithm using the default threshold 
value 0.5. 

 Predicted 0 Predicted 1 
Observed 0 7 (TN) 6 (FP) 
Observed 1 5 (FN) 0 (TP) 

 

By using the equations in section 3.4.2. the accuracy rates in table 16 were generated.  

Table 16. Accuracy measurements for AdaBoost.  

Accuracy 0.389 
Sensitivity/True Positive rate 0.000 

Specificity 0.538 
Precision 0.000 

False Positive rate 0.462 
 

By studying the confusion matrix in table 15 it is possible to see that the default 
AdaBoost algorithm, using 0.5 as threshold value was not able to predict any of the 
observations belonging to class 1 right. This resulted in a zero sensitivity rate and a zero 
positive predictive value. As mentioned previously in the result chapter, it was desirable 
to get a higher sensitivity rate and for that reason the threshold of the classification 
probability was adjusted. 

Another important analysis made when comparing the pre-classified observations with 
the predicted ones is that two of the False Positive observations had a comment from the 
traffic technician. The comment of the first observation stated that the road was closed 
and the comment for the second observation explained that there existed a car which 
protected the roadwork. The traffic technician explained that since the road was closed 
no traffic passed by the working place. For the other application, the work area was 
situated on the pavement, a short distance from the road. Regarding to the traffic 
technician it is a very low risk that a car is able to enter that area. 
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By changing the threshold value to 0.4 both the total accuracy rate and the sensitivity 
rate increased. The confusion matrix for this prediction is presented in table 17. The 
accuracy measurements based on the confusion matrix are presented in table 18. 

Table 17. When the threshold value was altered to 0.4 the following confusion matrix 
was yielded for the AdaBoost classifier. 

 
 Predicted 0 Predicted 1 

Observed 0 7 (TN) 6 (FP) 
Observed 1 1 (FN) 4 (TP) 

 

Table 18. Accuracy measurements for AdaBoost using a threshold value of 0.4.  

Accuracy 0.611 
Sensitivity/True Positive rate 0.800 

Specificity 0.538 
Precision 0.400 

False Positive rate 0.462 
 
 
For this case, only one observation belonging to class 1 was misclassified as belonging 
to class 0. Just as for the previous classification two of the False Positive observations 
were classified as in need of a rigid barrier. Trying a threshold value equal to 0.35 
resulted in the confusion matrix in table 19 and thereafter the accuracy rates in table 20 
could be calculated.  

Table 19. When using a threshold value equal to 0.35 the following confusion matrix 
was produced.  

 Predicted 0 Predicted 1 
Observed 0 2 (TN) 11 (FP) 
Observed 1 0 (FN) 5 (TP) 

1
Table 20. Accuracy measurements for AdaBoost using a threshold value of 0.35.  

Accuracy 0.389 
Sensitivity/True Positive rate 1.000 

Specificity 0.154 
Precision 0.400 

False Positive rate 0.846 
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The confusion matrix in table 19 indicates that all of the observations belonging to class 
1 were predicted as belonging to class 1. This contributed to a high sensitivity rate. As 
expected this thus affected the total accuracy in a negative way.  

By comparing the different observations and the different thresholds it was possible to 
detect which TCP applications were easiest to classify correctly. When the default 
threshold value, 0.5, was used the classifier was able to predict seven of the 
observations belonging to class 0 correctly. But the classifier was not able to classify 
any of the observations belonging to class 1 correctly. When changing the threshold to 
0.4 the classifier had the same specificity rate, meaning that it was just as good as 
classifying the observation belonging to class 0 as before but the classifier improved the 
predictions for the observations belonging to class 1. This adjustment led to that four of 
five observations in class 1 were classified correctly but still, one observation was not 
classified right. The incorrectly classified TCP application was a crane work, performed 
during one day. Based on information from the traffic technician a rigid barrier was 
needed for this application since the work was performed on a road having a high 
amount of traffic. It was a place where all of the bus routes passed by, the bus stop was 
close and there were a lot of pedestrians and cyclists.  

Thus it is difficult to say that the accuracy rates presented in this section would be 
representative for all future predictions since the size of the sample dataset was fairly 
small and only consisted of eighteen observations. To get more representative accuracy 
rates it would be necessary to increase the number of observations in the test dataset.  

Since it was found that the AdaBoost classifier using 0.4 as a threshold was the one 
having the most desired accuracy and sensitivity rate it was preferred to understand 
which observations this classifier misclassified. Since the TCP applications in need of 
rigid barriers are most important to classify correctly, the False Negative observations 
were studied. In order to get a more comprehensive picture of the False Negative 
observations, the Type of work for the False Negative examples in table 7 were studied. 

Table 21. Type of work categories for the False Negatives using AdaBoost with 
threshold value set to 0.4. 

Category 1 2 3 4 5 6 7 8 9 11 13 14 15 17 
Number of False 

Negatives 
8 1 2 1 1 6 2 1 2 3 4 2 1 3 

 

A Swedish description of the different categories can be found in Appendix H. 
Selecting the most commonly misclassified types of works resulted in category 1, 6, 11, 
13 and 17. These are digging/drainage, cabel work/fiber, water and sewage work, 
district heating and asphalt/paving/milling. Based on information from the traffic 
technician several of these roadworks can be performed everywhere. As an example 
district heating and digging can be performed on a pavement, lot or on a car road with a 
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lot of traffic. For these types of works, the location is very important for the decision if 
a rigid barrier is needed or not.   
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7.1Discussion1
The results indicated that it could be useful to use a trained Machine Learning model to 
support the classification process of the TCP applications. Thus one must be aware of 
the weakness of the model, particularly when adjusting the threshold value since it 
could lead to a high sensitivity but low total accuracy. Comparing with the explicit 
classification of roads which SALAR and STA suggested, the classification performed 
in this study was based on a more comprehensive description of the individual TCP 
applications. Geographical data in combination with information regarding the 
roadwork created data points which were unique for every single TCP application.  

One benefit of using a Machine Learning model for classification, instead of an explicit 
classification proposed by SALAR and STA, is that it is possible to include a lot of 
information in the different attributes in the dataset. The classifications suggested by 
SALAR and STA were only based on two attributes and based on these attributes it was 
explicitly stated when a roadwork should have a rigid barrier or not. Another advantage 
of using Machine Learning for classification was the fact that the model was trained on 
historical data. For that reason, the model did not have any predefined rules for when a 
rigid barrier should be needed or not, instead the model was trained and learned from 
previous examples.  

The first downside to mention when using Machine Learning models for classifying the 
TCP applications was the accuracy of the classifier. The classifier was learned based on 
historical observations, meaning that if new constellations of roadworks were submitted 
the classifier might not be able to make the right predictions. The classifier will be 
better to predict samples which are similar to the observations in the training dataset. 
The results for the K-Nearest Neighbour supports this view since K=1 had the highest 
performance. This indicated that the number of data points in the dataset was too small 
and therefore the training dataset did not include information about all types of 
roadwork which could be performed in the city.  

Another disadvantage when comparing the classifications made by the Machine 
Learning model with the traffic technician’s classification was that the information used 
for the classification task was limited to the information presented in the different 
attributes in the dataset. Even though different datasets were evaluated and the best 
performing one was chosen, it was not predetermined how the datasets should be 
presented. It is difficult to display occasional information in a dataset since it leads to 
many empty attributes. One example of when occasional information could be valuable 
can be found in section 6.4 when the performance of the AdaBoost algorithm was 
compared with the classification made by the traffic technician. Here the traffic 
technician realised that no rigid barrier was needed due to the closed road. Hence the 
traffic technician was able to take real-time information in consideration when 
performing the classification. But this was not the case for the Machine Learning 
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algorithm since the model only was trained on historical observations and did not take 
any real-time information in consideration.  

Since the classifications made in this study have not taken information regarding other 
roadworks in consideration, relevant information might have get lost. By excluding 
information from roadworks performed in parallel we could lose information about how 
surrounded roads get affected and if the traffic loads of nearby roads increases or 
decreases. Again this is a judgement which the traffic technician was able to do but the 
algorithm was not.  

In order to make a classification which is based on geographical information, real-time 
data about the site-specific place should be used in addition to the roadwork data. 
Making predictions which are based on historical data is difficult when the premises 
constantly changes. A city is not a stable state where every element is constant, instead 
it is more likely that components in the city changes. Because of that reason, it was 
difficult to create a complete dataset which included all important features of a city. 
New roads will be built, speed limits will change, old roads will be removed and 
temporary arrangements like roadworks will affect the traffic flow in the city.  

Another aspect which is important to be aware of when using a classification model is 
that the users of the tool must understand the weakness of the tool. In the simplest case, 
the user just hands in a TCP application to the model. The model outputs a 0 or 1 
depending if a rigid barrier is needed or not. It is a very simple process and this could be 
a risk for the user if the user is not critical to the output, especially if the threshold value 
of the class probability is adjusted. There is a great difference between an observation 
which has been classified as belonging to class 1 with the probability 0.9 compared with 
an observation which is classified as belonging to class 1 with the probability of 0.45. If 
the class probabilities are not studied this could give a misleading answer for the user. 
Since statistical models are used for performing the classification I would recommend 
to include additional information regarding the classification probabilities when 
presenting the classification results.  

Depending on the model performance but also the user and the task the algorithm could 
be used as a guide for traffic technicians reviewing TCP applications. As mentioned in 
the introduction it might also work as an advice for the contractors working in the city. 
Using a TCP classifier could probably add value to the decision-making process since it 
could lead to more correct applications containing the right barrier is sent in. Probably it 
could also shorten the time before an application is approved. For that reason, the 
decision-making process could be more efficient and effective by letting Machine 
Learning algorithms classify previous unseen applications.  

But before this kind system could be implemented, experts within the field must take 
decisions regarding the cost of the different misclassification errors. For the task studied 
in this thesis, one of the key cornerstones was to ensure that the roadwork was 
performed in a safe way. In this thesis, it therefore was better to adjust the threshold 
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value of the class probability to increase the sensitivity rate. But as shown in the results, 
a high sensitivity rate affects the total accuracy rate in a negative way. Questions 
regarding if it is worth to get a high sensitivity on behalf of the accuracy must be 
answered. The results showed that using a AdaBoost classifier with a threshold value 
set to 0.4 created a good trade-off between the accuracy and the sensitivity. But the ones 
using the classification tool must be aware of the possible misclassification errors.  
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8.1Conclusion1
In this thesis, several datasets and algorithms have been evaluated in the work of 
classifying what safety barriers to use in TCP applications. The results partly indicated 
that using a Machine Learning model, trained on geographical data, could be useful in 
the task of classifying TCP applications. Thus there existed a trade-off between the total 
accuracy and the sensitivity of the model. Depending on the task and the user the 
threshold value of the class probability could be adjusted to get a desired performance. 
The trained model could possibly be used as a tool for traffic technicians, making the 
administration process more efficient, as well serve as a guideline for contractors.  

In this study, it was revealed that it was possible to include necessary information about 
the geographical surrounding and site-specific settings by including distances to several 
roads and places in the dataset. But still, the results of the models were not that accurate 
that it was possible to only rely on the classification made by the algorithm. If we would 
like to build our decisions upon the results of a Machine Learning model it would 
require a much higher performance. In addition to a higher performance, our trust to let 
a model decide on what barrier to use must be considered. The reason for deciding what 
barriers to use is mainly a question of safety and preventing people from traffic 
accidents. To rely such an important decision on a model requires a high degree of trust.  

For that reason, the decision-making process of determining what barriers are needed 
should be a procedure which both includes the Machine Learning classification and the 
judgements from the traffic technician. Since the model is not able to deal with all 
aspects when performing the classification, especially not real-time information, the 
classification process is highly dependent on traffic technicians which are able to make 
decisions based on real-time data. When dealing with tasks which are fundamental for 
safety and human lives it is of great importance that no error will be made, particularly 
if we have a vision that no one in the future will get severe injuries related to traffic 
accidents.  

 

 1
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9.1Future1Research1
In a future study, it would be interesting to investigate how to improve the model 
performance. One suggestion on how to improve the accuracy would be to increase the 
size of the training set. It could also be beneficial to decrease the number of categories 
for the type of work attribute by merging similar categories. Another aspect which 
could improve the dataset used for the classification would be to adjust the 
TCP application form which is filled in by the contractors. By changing the free text 
fields to multiple choice questions the attribute categorisation in the dataset could be 
simplified. 

Another possible topic for future research would be to investigate how to include 
additional information in the datasets. For this study, it would have been beneficial to be 
able to train the Machine Learning models on geographical real-time data. It would also 
have been useful if the dataset could include information about other roadwork’s 
performed during the same period of time.  

Another interesting approach to investigate is how to present the road attributes in the 
dataset. In this thesis, the road attribute value of the nearest object was chosen 
regardless of what the distance to the nearest road object was. This meant that the 
distance to the closest road object did not matter. A TCP surface having a distance of 0 
meters to the closest object could get the same attribute value as a TCP surface which 
had 10 meters to the nearest object. One suggestion to deal with this problem would be 
to create a dataset where distances to the closest road objects are considered and the 
attribute value is weighted based on this value. 

In order to create a model which is able to do a more intelligent classification, it would 
have been interesting to analyse if adding data regarding road accidents and roadwork 
related accidents could give some additional information for the classification. It would 
have been favourable if the model understood what barriers to use for certain cases in 
order to prevent accidents from happen.  
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Appendix1A1

 

 

Figure 28. Screenshot of the new e-service for TCP applications provided by City of 
Helsingborg (City of Helsingborg, 2018c). 
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Appendix1B1
Interview questions Marlene Granlund, Traffic technician, 31st January 2018. 

!1 Skulle du kunna berätta hur hela TA-plansprocessen går till? 
!1 Vilka är inbladade i TA-plansprocessen? 
!1 Hur ser det ut när ett ärende kommer in i systemet? 
!1 Vad för information får du in? 
!1 Vad för information skickar du ut?  
!1 Vad är din huvudsakliga uppgift vid bedömandet av TA-planer? 
!1 Finns det olika typer av TA-planer som ni klassificerar? 
!1 Brukar du använda dig av andra liknande TA-planer när du ska bedöma en viss 

TA-plan? 
!1 Vad för information kan ni utvinna från skissen? 
!1 Vad för information kan ni utvinna från resten av ansökan? 
!1 Vad har platsen för betydelse? 
!1 Berätta för mig vad du tänker på när du studerar en viss specifik plan. 
!1 Hur länge har du arbetat med TA-planer? 
!1 Vad för flaskhalsar har du i ditt arbete?  
!1 Finns det andra planer som du måste ta hänsyn till? I så fall vilka? 
!1 När nekar ni en TA-plan? 
!1 När måste en TA-plan justeras? 
!1 Hur ofta lägger du till kommentarer som måste uppfyllas av entreprenören? 
!1 Hur sköts kommunikationen med entreprenörerna? 
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Appendix1C1
Interview questions Marlene Granlund, Traffic technician, 9th February 2018. 

!1 Kan du berätta vad ett tungt skydd är? 
!1 Kan du ge exempel på vad som räknas som ett tungt skydd? 
!1 Är barriär/skyddsbarriärer detsamma som tungt skydd? 
!1 Vad kallas det om man inte använder sig av tungt skydd? 
!1 Kan du ge exempel på anordningar som inte är tunga skydd?  
!1 Hur förhåller sig tunga skydd och kapacitetsklass till varandra? 
!1 H1, H2, N1, N2, T1, T2, T3 
!1 Du berättade att ni planerar att göra en klassificering av vägarna på vägnätet. 

Vad är anledningen till detta?  
!1 När ni planerar att göra den här klassificeringen, vad kommer ni att kolla på då? 
!1 Finns det vissa kriterier som automatiskt leder till att arbetet kommer att behöva 

ett tungt skydd, om ja vad är det för kriterier som enskilt kan leda till att 
trafikanordningen behöver tungt skydd?  

!1 Vilka parametrar är intressanta för klassificeringen av tungt skydd? 
!1 Vilka parametrar är prioriterade vid klassificeringen?  
!1 När du får in en TA-plan har du berättat att du bland annat tar hänsyn till om det 

behövs tungt skydd eller ej för det arbetet. Skulle du kunna på ett väldigt 
utförligt, detaljerat och systematiskt sätt beskriva hur då går tillväga för att göra 
den bedömningen för ett generellt fall. 

!1 Låt oss säga att två arbeten ska utföras på samma gata, vad skulle kunna göra att 
ett av arbetena behöver ett tungt skydd medan ett annat inte behöver det?  
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Appendix1D1
Table 22. Description of all attributes included in dataset 1. 

Attribute Description Type  Swedish translation 
Type of work Type of roadwork. Has been divided 

into 17 categories. 
Categorical Typ av arbete 

Number of days Number of days for roadwork Continuous Antal dagar 
TCP surface length Perimeter of the TCP surface 

(m) 
Continuous  Längd TA-plansyta 

TCP surface area Area of TCP surface  
(m2) 

Continuous Area TA-plansyta 

Distance to school Distance to closest school  
(m) 

Continuous Avstånd till skola 

Distance to high 
school 

Distance to the closest high school 
(m) 

Continuous Avstånd till 
gymnasium 

Distance to 
kindergarten 

Distance to closest kindergarten 
(m) 

Continuous Avstånd till förskola 

Distance to 
highway 

Distance to closest highway 
(m) 

Continuous Motorväg 

Distance to 
expressway 

Distance to closest expressway 
(m) 

Continuous Motortrafikled 

Distance to 
pedestrian street 

Distance to closest pedestrian street 
(m) 

Continuous Gågata 

Distance to living 
street 

Distance to closest living street 
(m) 

Continuous Gångfartsområde 

Distance to bus 
stop 

Distance to closest bus stop 
(m) 

Continuous Avstånd till hållplats 

Distance to bicycle 
lane 

Distance to closest bicycle lane 
(m) 

Continuous Cykelbana 

Distance to bicycle 
path 

Distance to closest bicycle path 
(m) 

Continuous Cykelfält 

Distance to bicycle 
crossing 

Distance to closest bicycle crossing 
(m) 

Continuous Cykelöverfart/passage 

Distance to 
pedestrian crossing 

Distance to closest pedestrian crossing 
(m) 

Continuous Övergångsställe 

Distance to 
pedestrian crossing 
without marking  

Distance to pedestrian crossing 
without marking 
(m) 

Continuous Gatupassage utan 
utmärkning 

Distance to public 
transportation 

Distance to public transportation 
(m) 

Continuous Kollektivtrafik 

Rigid barrier Divided into two categories. 
0=no rigid barrier, 1=rigid barrier 

Categorical Tungt skydd 
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Appendix1E1
Table 23. Description of all attributes included in dataset 2. 

Attribute Description Type  Swedish translation 
Type of work Type of roadwork. Has been divided 

into 17 categories. 
Categorical Typ av arbete 

Number of days Number of days for roadwork Continuous Antal dagar 
TCP surface length Perimeter of the TCP surface 

(m) 
Continuous  Längd TA-plansyta 

TCP surface area Area of TCP surface  
(m2) 

Continuous Area TA-plansyta 

Distance to school Distance to closest school. 
Two categories, 0 or 1. 

Categorical Avstånd till skola 

Distance to high 
school 

Distance to the closest high school. 
Two categories, 0 or 1. 

Categorical Avstånd till 
gymnasium 

Distance to 
kindergarten 

Distance to closest kindergarten. 
Two categories, 0 or 1. 

Categorical Avstånd till förskola 

Distance to 
highway 

Distance to closest highway. 
Two categories, 0 or 1. 

Categorical Motorväg 

Distance to 
expressway 

Distance to closest expressway. 
Two categories, 0 or 1. 

Categorical Motortrafikled 

Distance to 
pedestrian street 

Distance to closest pedestrian street. 
Two categories, 0 or 1. 

Categorical Gågata 

Distance to living 
street 

Distance to closest living street. 
Two categories, 0 or 1. 

Categorical Gångfartsområde 

Distance to bus 
stop 

Distance to closest bus stop. 
Two categories, 0 or 1. 

Categorical Avstånd till hållplats 

Distance to bicycle 
lane 

Distance to closest bicycle lane. 
Two categories, 0 or 1. 

Categorical Cykelbana 

Distance to bicycle 
path 

Distance to closest bicycle path. 
Two categories, 0 or 1. 

Categorical Cykelfält 

Distance to bicycle 
crossing 

Distance to closest bicycle crossing. 
Two categories, 0 or 1. 

Categorical Cykelöverfart/passage 

Distance to 
pedestrian crossing 

Distance to closest pedestrian crossing. 
Two categories, 0 or 1. 

Categorical Övergångsställe 

Distance to 
pedestrian crossing 
without marking  

Distance to pedestrian crossing 
without marking. 
Two categories, 0 or 1. 

Categorical Gatupassage utan 
utmärkning 

Distance to public 
transportation 

Distance to public transportation. 
Two categories, 0 or 1. 

Categorical Kollektivtrafik 

Rigid barrier Divided into two categories. 
0=no rigid barrier, 1=rigid barrier 

Categorical Tungt skydd 



83 
"

Appendix1F1
Table 24. Description of all attributes included in dataset 3. The road attributes are 

blue marked.  

Attribute Description Type  Swedish translation 
Type of work Type of roadwork. Divided into 

17 categories. 
Categorical Typ av arbete 

Number of days Number of days for roadwork Continuous Antal dagar 
TCP surface length Perimeter of the TCP surface 

(m) 
Continuous  Längd TA-plansyta 

TCP surface area Area of TCP surface  
(m2) 

Continuous Area TA-plansyta 

Distance to school Distance to closest school  
(m) 

Continuous Avstånd till skola 

Distance to high 
school 

Distance to the closest high 
school 
(m) 

Continuous Avstånd till 
gymnasium 

Distance to 
kindergarten 

Distance to closest kindergarten 
(m) 

Continuous Avstånd till förskola 

Distance to highway Distance to closest highway 
(m) 

Continuous Motorväg 

Distance to 
expressway 

Distance to closest expressway 
(m) 

Continuous Motortrafikled 

Distance to pedestrian 
street 

Distance to closest pedestrian 
street (m) 

Continuous Gågata 

Distance to living 
street 

Distance to closest living street 
(m) 

Continuous Gångfartsområde 

Distance to bus stop Distance to closest bus stop 
(m) 

Continuous Avstånd till hållplats 

Distance to bicycle 
lane 

Distance to closest bicycle lane 
(m) 

Continuous Cykelbana 

Distance to bicycle 
path 

Distance to closest bicycle path 
(m) 

Continuous Cykelfält 

Distance to bicycle 
crossing 

Distance to closest bicycle 
crossing (m) 

Continuous Cykelöverfart/passage 

Distance to pedestrian 
crossing 

Distance to closest pedestrian 
crossing (m) 

Continuous Övergångsställe 

Distance to pedestrian 
crossing without 
marking  

Distance to pedestrian crossing 
without marking 
(m) 

Continuous Gatupassage utan 
utmärkning 

Distance to public 
transportation 

Distance to public transportation 
(m) 

Continuous Kollektivtrafik 
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Total traffic flow Measured in AADT Continuous Trafikflöde total 
Total traffic flow 
night 

Measured in AADT Continuous Trafikflöde total natt 

Heavy traffic flow Measured in AADT Continuous Trafikflöde tung 
Speed limit Speed limit of the closest road 

(km/h) 
Categorical Hastighetsgräns 

Functional prioritised 
road network 

Divided into two categories. Categorical Funktionellt 
prioriterat vägnät 

Road width Road width 
(m) 

Categorical Vägbredd 

Functional road class Divided into nine categories.  Categorical Funktionell vägklass 
Bearing capacity Divided into four categories. Categorical Bärighetsklass 
Rigid barrier Divided into two categories. 

0=no rigid barrier, 1=rigid barrier 
Categorical Tungt skydd 
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Appendix1G1
Table 25. Description of all attributes included in dataset 4. The road attributes are 

blue marked. 

Attribute Description Type  Swedish translation 
Type of work Type of roadwork. Divided into 

17 categories. 
Categorical Typ av arbete 

Number of days Number of days for roadwork Continuous Antal dagar 
TCP surface length Perimeter of the TCP surface 

(m) 
Continuous  Längd TA-plansyta 

TCP surface area Area of TCP surface  
(m2) 

Continuous Area TA-plansyta 

Distance to school Distance to closest school. 
Two categories, 0 or 1. 

Categorical Avstånd till skola 

Distance to high 
school 

Distance to the closest high 
school. 
Two categories, 0 or 1. 

Categorical Avstånd till 
gymnasium 

Distance to 
kindergarten 

Distance to closest kindergarten. 
Two categories, 0 or 1. 

Categorical Avstånd till förskola 

Distance to highway Distance to closest highway. 
Two categories, 0 or 1. 

Categorical Motorväg 

Distance to 
expressway 

Distance to closest expressway. 
Two categories, 0 or 1. 

Categorical Motortrafikled 

Distance to 
pedestrian street 

Distance to closest pedestrian 
street. Two categories, 0 or 1. 

Categorical Gågata 

Distance to living 
street 

Distance to closest living street. 
Two categories, 0 or 1. 

Categorical Gångfartsområde 

Distance to bus stop Distance to closest bus stop. 
Two categories, 0 or 1. 

Categorical Avstånd till hållplats 

Distance to bicycle 
lane 

Distance to closest bicycle lane. 
Two categories, 0 or 1. 

Categorical Cykelbana 

Distance to bicycle 
path 

Distance to closest bicycle path. 
Two categories, 0 or 1. 

Categorical Cykelfält 

Distance to bicycle 
crossing 

Distance to closest bicycle 
crossing. Two categories, 0 or 1. 

Categorical Cykelöverfart/passage 

Distance to 
pedestrian crossing 

Distance to closest pedestrian 
crossing. Two categories, 0 or 1. 

Categorical Övergångsställe 

Distance to 
pedestrian crossing 
without marking  

Distance to pedestrian crossing 
without marking. Two categories, 
0 or 1. 

Categorical Gatupassage utan 
utmärkning 

Distance to public 
transportation 

Distance to public transportation. 
Two categories, 0 or 1. 

Categorical Kollektivtrafik 
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Total traffic flow Measured in AADT Continuous Trafikflöde total 
Total traffic flow 
night 

Measured in AADT Continuous Trafikflöde total natt 

Heavy traffic flow Measured in AADT Continuous Trafikflöde tung 
Speed limit Speed limit of the closest road 

(km/h) 
Categorical Hastighetsgräns 

Functional prioritised 
road network 

Divided into two categories. Categorical Funktionellt 
prioriterat vägnät 

Road width Road width 
(m) 

Categorical Vägbredd 

Functional road class Divided into nine categories.  Categorical Funktionell vägklass 
Bearing capacity Divided into four categories. Categorical Bärighetsklass 
Rigid barrier Divided into two categories. 

0=no rigid barrier, 1=rigid barrier 
Categorical Tungt skydd 
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Appendix1H1
Categorisation used for the Type of work attribute in the dataset.  

!1 1 = Grävning och dränering 
!1 2 = Beskäring/trädfällning/trädbeskärning/häckklippning 
!1 3 = Gasarbete/gasledning 
!1 4 = Borrning 
!1 5 = Byte av gatubelysning/beslysning/stuprör/brandpost/vägskylt/trafiksignal/ 

      trafikljus/pollare/bullerplank/slukhål/refug/L-stöd 
!1 6 = Kabel/kabelarbete/kabelschakt/fiber 
!1 7 = Kranarbete/kranbil/kranlyft/lyft av material/lift 
!1 8 = Ny GC-väg/GC-överfart/infart/stensättning/plattsättning/vägarbete/ 

      cykelbana/cykelväg/cykelöver 
!1 9 = Schakt 
!1 10 = Sopning/lövupptagning/ogräsbekämpning/städning/linjemarkering/röjning 
!1 11 = VA-arbete/relining/dexlar 
!1 12 = Byggställning/ställning/container 
!1 13 = Fjärrvärme 
!1 14 = Byggnation/nybyggnation/renovering/rivning/takreparation/ombyggnad/ 

        takreparation/exploatering 
!1 15 = Fasad-/fönsterrenovering/tvätt/arbete/målning/markis 
!1 16 = Evenemang/marknad/motionslopp/tävling/barn/tivoli 
!1 17 =Asfaltering/beläggningsarbete/fräsning 

 

 

 


