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A B S T R A C T   

The development of car fleet plays major part when considering the emissions resulted from passenger car use. 
Globally, there are many different methods and models for car fleet development estimation, but majority of 
these represent the results only on national level. In Finland, existing models do not note differences between 
area types. In this paper, we introduce car fleet model (SALAMA), which can be used to estimate car fleet 
development for both national and regional levels in Finland. Model allows to alter different variables (such as 
car fleet development speed, car ownership level and probability to change driving power) to examine, how 
different policy changes would affect the car fleet development. The paper depicts the Finnish baseline scenario 
compared to the effects of faster (30% faster than baseline) and slower (30% slower than baseline) fleet 
development speed scenarios. On the baseline scenario, model estimates 320 000 electric cars (both BEV and 
PHEV) in 2030 and 830 000 in 2040. For faster scenarios, model estimates 100 000 and 250 000 electric cars 
more in respective years, while slower scenario produces 80 000 and 180 000 electric cars less compared to 
baseline scenario. In addition, the model shows that there are clear differences between area types. For example, 
the share of electric car increases faster in urban areas than in rural areas.   

1. Introduction 

Traffic is a significant source of greenhouse gas and in Finland, one 
fifth of the greenhouse gas emissions come from transport. Both national 
agencies and the EU have clear goals to reduce these emissions, but the 
measures need to be significant. Affecting the mobility habits of people 
influences large share of the emissions, but the emissions of the cars in 
use itself have a major effect as well. Currently, Finland has listed carbon 
neutrality as a goal for 2035. However, the emissions of Finnish trans-
port sector have not declined as fast as is needed. Without diverse and 
continuous policy instruments the goals set for transport sector cannot 
be met. The use of new driving power technologies in passenger trans-
port is one of the key components and it is crucial to know how fast this 
development can happen. 

The car fleet development varies between countries and there are 
large differences between the average ages of cars in EU-countries 
(ACEA 2019). Taxation and different benefit schemes also influence 
how fast new technologies are adopted. This study aims to build a 
Finnish car fleet model and describe how it can be used to form a 
baseline scenario to estimate the development of driving power market 

shares. The model can then be used to further estimate the effects of 
different planned policies. 

There are already some car fleet models existing in Finland. These 
models are aggregate models which calculate the car fleet development 
on national level based on the shares of driving powers in new car sales 
and aggregate car scrappage model. In this study, a new car fleet model 
(SALAMA) is introduced. This car fleet model (SALAMA) uses disag-
gregate single vehicle data from the vehicle register and combines it 
with the socio-demographic data of the vehicle owner. Hence, the model 
can also consider the differences between different area types and 
therefore can be used in both national and regional analyses. 

These objectives can be formed to five research questions: 

RQ1: What types of car fleet models exist and what methods they use to 
model the fleet? 
RQ2: How area type differences are taken into account in existing car 
fleet models? 
RQ3: How area type differences can be taken into consideration in a 
model for Finland? 
RQ4: How Finnish baseline scenario can be formed in the model? 
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RQ5: What is the effect of altering the car fleet renewal speed compared 
to the Finnish baseline scenario? 

The first and second research questions are answered with a litera-
ture review of the basic calculation methods of existing car fleet models 
both globally and in Finland. Then, the used dataset with selections and 
assumptions made for the new model as well as the model limitations are 
defined (RQ3). After completing the model, this study defines a Finnish 
baseline scenario and its creation and compares it to two different sce-
narios (RQ4). At last, the study presents the differences between our 
baseline scenario to two scenarios having different renewal speed, 
regarding the whole Finnish car fleet development (RQ5). 

2. Literature review 

According to our review of previous literature on car fleet modelling, 
there have been different models used to forecast the development of the 
car fleet. In international context, we have found multiple different 
scenarios and models that aim to forecast the development of car fleet in 
Sweden (Naturvårdsverket 2007; Beser Hugosson et al., 2016), Germany 
(Mock 2010; Allekotte et al., 2020; Seum et al., 2020), Portugal (Braz da 
Silva and Moura 2016) and Qatar (Kamal et al., 2020). 

Beser Hugosson et al. (2016) present a Swedish car fleet model that 
has been developed in 2006 and compare model results to actual state of 
car fleet in Sweden from 2012 to 2013. The model presented provides a 
total car fleet for every simulation year with the share of different 
driving powers, car types, age and emissions, which can be used then to 
estimate the total emissions of the Swedish car fleet (Beser Hugosson 
et al., 2016). The calibration report of the original model (Natur-
vårdsverket 2007) also presents some of the scenarios used previously in 
the model when targeted to year 2020. In addition to business as usual 
-scenario, there were multiple scenarios for CO2-based taxation and 
company car charges, bonuses for environmentally friendly car buyers 
and fuel taxation (Naturvårdsverket 2007). 

Seum et al. (2020) use three different scenarios about car fleet 
development in Germany to year 2040 and calculate the total emissions 
of given scenarios and their differences. They use different scenarios for 
business as usual as reference scenario, free play -scenario for presenting 
the development without any regulations and free markets and regu-
lated shift -scenario, which aims heavily towards cleaner technologies 
by using strict policies (Seum et al., 2020). For car fleet model, the paper 
uses VECTOR21-model that is defined in detail by Mock (2010). There 
exists also same type of calculations regarding emissions caused by car 
fleet in Portugal, where three different scenarios in addition to baseline 
are used to compare the car fleet development to year 2030 (Braz da 
Silva and Moura 2016) and Qatar, where business as usual scenario, in 
addition to four development scenarios, are calculated and used to es-
timate fuel consumption and CO2 emissions until year 2050 (Kamal 
et al., 2020). 

The models used in the above-mentioned analyses contain different 
methods of calculating and estimating different parts of the model. 
However, most of these models seem to share the same type of estima-
tion about the total car fleet size calculation. First, one model estimates 
how many cars there should be in total for any given year of simulation 
time. Second, a survival model calculates how many cars are removed 
from the model on any given year to scrappage. Third, new cars are 
added to the existing fleet to achieve the total amount of cars given by 
the first phase. This is done usually by modelling new car shares. Next, 
we will take a further look on each phase to see how different models 
carry out these calculations and how they differ from each other. 

For the total fleet size, Kamal et al. (2020) present a simple alter-
native, where they use a forecasted expected growth to stable 360 pas-
senger cars per 1000 people until 2050 in Qatar and calculate the vehicle 
fleet size based on that. However, they also include some calculations 
and models for 500 and 700 passenger cars per 1000 people (Kamal 
et al., 2020). TREMOD-model for Germany estimates stable amount of 

new cars per every year by entering 3.2 million cars per year until 2030 
and 2.85 million cars per year after 2030 (Allekotte et al., 2020). Braz da 
Silva and Moura (2016) use an estimation function that is based on the 
ratio between number of cars and amount of driver’s licences in 
Portugal. The Swedish model has a cohort model, based on probabilities 
for individuals to become a car owner or to stop being one, that calcu-
lates the amount of car owners per year (Beser Hugosson et al., 2016). 

For estimating the scrappage of cars from the model, a survival curve 
is used in all of the models. The survival curve defines a probability of a 
car to exist based on the age of the car. Braz da Silva and Moura (2016) 
have used the actual data of Portuguese car fleet and calibrated the 
function accordingly. On average, cars begin to be scrapped at the age of 
11, but there are some variations in the data by the model year (Braz da 
Silva and Moura 2016). Kamal et al. (2020) declare that they use the 
same model in Qatar as Braz da Silva & Moura presented. The Swedish 
model has the same type of model where the survival curve is based on 
the actual scrapping statistics, but the survival curve differs between 
different car make and age (Beser Hugosson et al., 2016). The German 
TREMOD-model uses a survival curve that is statistically fitted based on 
the previous year’s German car fleet data. Allekotte et al. (2020) note 
that the values differ between driving powers and that the new driving 
powers, where statistical analysis was not possible, were fitted based on 
data of other driving powers to get the best estimation. 

When new cars are introduced in the model, there are various ways 
to simulate the driving power mix of those cars. Kamal et al. (2020) 
provide a simple method as a base of different scenarios by assuming the 
Qatari market share between driving powers to mature in 2040 in 
different scenarios and making development to follow a linear path. 
TREMOD assumes the share between petrol and diesel to stay stable 
while the total is declining, at first by substituting some with both gas 
and electric powertrains and after 2025 by using more and more electric 
powertrains as a substitute (Allekotte et al., 2020). Braz da Silva and 
Moura (2016) have also modelled the development of future market 
share by using stated preference methods to support the model. Seum 
et al. (2020) use German VECTOR21-model (Mock 2010), which models 
the car choice by first filtering the suitable alternatives based on the user 
needs, then only choosing the alternatives that have a TCO lower than 
the willingness to pay of the users. For these, the car with the lowest 
total well-to-wheel CO2 emissions is then selected (Mock 2010). There 
are also some other studies that use TCO as the method to estimate the 
development of market share of certain driving powers, such as Kihm 
and Trommer (2014) and Plötz et al. (2014a) for Germany and Danielis 
et al. (2018) for Italy. 

For emissions calculation, there are two crucial measures to take into 
account as well; CO2 emissions development and the total mileage 
driven per car. As the car fleet renews, the CO2 emissions per km of cars 
changes, and the total mileage is needed to estimate the total emissions. 
Different studies have different methods for emission calculation. Kamal 
et al. (2020) use annual mileage of Qatar as a stable input and CO2 ef-
ficiency is estimated to increase by 10% during the total time of simu-
lation. Braz da Silva and Moura (2016) estimate the development of 
mileage with GDP as a factor and then use this averaged to total car fleet. 
Naturvårdsverket (2007) presents that the original car fleet model in 
Sweden estimated an annual reduction of one percent for CO2 efficiency 
for years 2010–2020. TREMOD for Germany estimates CO2 reduction 
amounts per year varying between different driving powers and based 
on historical data, with a correction factor when transforming mea-
surements from NEDC to WLTP (Allekotte et al., 2020). Mileage devel-
opment is estimated for whole Germany and then divided between 
different types of cars, having different driving power and age, accord-
ing to their existence in car fleet during the year (Allekotte et al., 2020). 
TREMOD also assesses a survival curve for yearly mileage, which ac-
counts that car is driven most during its first years and then the mileage 
declines based on the age (Mock 2010). 

There have also been multiple studies of policies that have been 
already applied by using a back-casting method for both short and long 
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timespan. These types of studies exist in many countries, such as Ireland 
(Ó Gallachóir et al., 2009; Hennessy and Tol 2011), the Netherlands 
(Kok 2015), Czech Republic (Zimmermannova 2012), Finland (Ampuja 
et al., 2016) and Sweden (Sprei et al., 2008; Sprei and Karlsson 2013) as 
well as globally (Cuenot 2009). 

In national context of Finland, VTT Technical Research Centre of 
Finland has a vehicle fleet model (ALIISA) as part of their LIPASTO 
transport emissions calculation system (VTT Technical Research centre 
of Finland Ltd, 2016). ALIISA provides annual forecast for the total 
number of vehicles in use, total annual mileage and fuel consumption 
and energy use between 2019 and 2050. The size of the total vehicle 
stock is calculated to match with the forecasted travel demand (total 
annual mileage of the Finnish vehicle fleet). Car scrapping is based on 
scrappage function, which determines the probability for a car to leave 
the stock at a certain age (VTT Technical Research centre of Finland Ltd, 
2016). ALIISA assumes that annual mileage depends on the car age, 
meaning that the annual mileage is highest for a new car and then de-
clines yearly (Mäkelä and Auvinen 2013), which is similar approach to 
the German TREMOD-model (Mock 2010). 

In addition, Transport Research Centre Verne at Tampere University 
(former Tampere University of Technology) has created a scenario tool 
to estimate the future CO2 emissions from transport up to year 2050 in 
Finland (Liimatainen et al., 2018). The car fleet model in the scenario 
tool is loosely based on the ALIISA model, but in the scenario model, the 
number of new registered vehicles, medium lifetime for a vehicle, dis-
tribution of driving powers and the energy efficiency of vehicles can be 
varied. The modal shares and average trip lengths can be varied in four 
regional categories, which are Helsinki metropolitan region, large city 
regions (population of more than 100 000), medium-sized city regions 
(population of 40 000–100 000) and other regions. However, the car 
fleet model provides results only on a national level (Liimatainen et al., 
2018). 

Either of the Finnish models described do not cover the car fleet 
development differences within different types of areas, such as urban 
and rural. de Jong et al. (2004) and Franckx (2017) have previously 
studied many models created for different countries and most of these 
seem to only include results on a national level. Franckx (2017) de-
scribes that MA3T-model for US and UKTCM for UK consider also 
different types of areas by noticing urban and rural areas as variables. 
However, the lack of models considering areal differences creates a clear 
research need to include these in this model, since at least in Finland, the 
car fleet development between different areas have clear differences 
which should be noted in calculation. 

3. Data 

The car fleet model presented in this study is based on the Finnish car 
fleet and as its basis, it uses a snapshot of the Finnish car fleet data 
provided by the Finnish Transport and Communications Agency Trafi-
com. The data used is based on the Finnish car fleet open data (Traficom 
2021), where every car has the basic specifications such as the make, 
model, date of first registration, the dimensions and engine specifica-
tion, the area car is registered to, with some specific additions for 
research to support this type of modelling, such as the age and gender of 
the registered user and the date of last inspection with the recorded 
mileage at that time. The original set contains 2 741 865 rows describing 
cars in use in Finland in the end of June 2018. 

The raw data is cleaned by removing cars that do not contain all the 
necessary information for the modelling. There are 32 cars that are 
missing driving power information, 2 cars that do not have the correct 
information on correct columns and 5218 cars that are located outside 
Finland (the data has defined multiple different municipality codes to 
rule out these) or have no location information at all (the municipality 
code is empty). These 5252 rows are therefore removed from further 
calculation. In addition to previous, we have also limited the dataset to 
Mainland Finland, which excludes Åland Islands, to cover same area that 

Finnish car fleet statistics are generally presented in. We have also 
removed cars that have been registered to be used by an underage 
driver, since this group has only a few cars, thus not being statistically 
important. After these limitations our data has 2 736 209 cars which are 
used as the basis of the model. 

For population and differences between areas, this model also uses 
two separate datasets. The Finnish Population Projection produced by 
Statistics Finland (Statistics Finland 2019) has the projected yearly 
population of every Finnish municipality from 2019 to 2040 divided 
into genders and age groups. In addition to this, the urban-rural spatial 
classification from Finnish Environment Institute is used to classify 
different types of areas where the cars are located. The classification 
defines 7 different categories in Finland: U1 Inner urban area, U2 Outer 
urban area, U3 Peri-urban area, R4 Local centres in rural area, R5 Rural 
area close to urban area, R6 Rural heartland area and R7 Sparsely 
populated rural area (SYKE 2013). 

4. Proposed new car fleet model 

This chapter presents the new car fleet model created for Finland, 
called SALAMA (Suomen alueellinen autokantamalli, Finnish regional car 
fleet model). Fig. 1 depicts the different parts included in the created 
model, which are then presented in the following chapters. The actual 
data tables and step by step calculation for the fleet generation is 
described in detail on Appendix A. 

4.1. Data of car user 

4.1.1. Age groups 
The data represents a snapshot of Finnish car fleet and contains every 

car that was in use in end of June 2018 and had valid information in the 
raw data set. These cars had information about the registered user of the 
car. If the car had owner information without any specified user, the car 
was marked for the specifications of the owner. In case the car had 
different owner and user information, the specifications of user were 
used instead. This represents the cases, where for example, the car is 
owned by a financing or a leasing company but used by a specific person. 
The specifications of the user consist of the age in years, gender, and area 
with 3 first numbers of Finnish postal code. The age is then further 
clustered to age groups (18–24, 25–34, 35–44, 45–54, 55–64, 65–74, 
over 75) that are used in calculations and scenarios. 

4.1.2. Area definition 
To define the area type the car is located to, the urban-rural spatial 

classification linked to the postal code location provided in the data was 
used. The postal code was used as a basis of the classification instead of 
the municipality code since it gives more precise location, even if it only 
has three first characters instead of the whole Finnish five-digit number. 
Each car was given the area type that had largest representation in its 
postal code area. A presentation of this method is presented in Fig. 2. 

This method caused that R4 type areas consisting of local centres in 
rural areas did not link to any car in the dataset, since these areas were 
too small compared to postal code areas in rural regions and therefore, 
they were allocated by their surrounding rural areas to classes R5 to R7. 
Cars having only a municipality code, but excluding postal number were 
marked separately as not linked, hence they were included in the model 
but do not affect the calculations based on the area types. 

4.2. Modelling the mileage and number of cars 

4.2.1. Use case 
Every car in the dataset has a value indicating the registered use of 

the car. For the model, these are limited to two: passenger cars and taxis. 
The original 6 classes consist of private (1), subject to permit (2), school 
vehicle (3), rental without driver (4), sales storage (5) and subject to 
permit goods transport (6). Majority of cars (97.2%) were marked 
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private use and only a few cars exist in classes 3 to 6. During modelling, 
these groups 3 through 6 will be converted and calculated as group 1. 
This allows the model to differentiate the subject to permit use (group 2) 

that consists of taxis and taxi type services. These are handled separately 
since their use differs from regular usage of personal cars. Company cars 
(such as leasing or benefit) would be interesting to note as well, but the 

Fig. 1. Proposed model (SALAMA) relationships, numbers depict the chapters which further describe the part of the model.  

Fig. 2. Top-left: Postal code areas are joined from 5-digit regular areas (thin blue lines) to 3-digit areas (black lines) enabled by the car fleet dataset. Top-right: The 
urban-rural classification is set to be the one with largest area within the 3-digit postal code area. Bottom-right shows the final areas and their classification. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.) 
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data did not separate these from regular personal cars, and therefore, 
only taxis are noted differently. 

4.2.2. Mileage 
During car inspection the mileage of the car is stored, and it can be 

used together with the last inspection date to calculate the yearly 
average mileage for every car in the dataset. Cars that do not have stored 
mileage information uses the average mileage of the cars (excluding 
taxis) with the same driving power, area type, size classification and 
characteristics of the user. For mileage lookup calculation for taxis, only 
cars classified as taxis are considered. The mileage lookup allows the 
model to give average based estimated mileage for cars that are too new 
to be inspected and therefore, have no mileage information. Some 
existing models use total national mileage averaged for the whole fleet 
(Kihm and Trommer 2014; Braz da Silva and Moura 2016; Kamal et al., 
2020), since the history or differences of user groups is not implemented 
in these models on same level of detail as in this model. 

4.2.3. Population projection 
At this point, the model can present the car fleet at every given year 

for the whole model timespan assuming that the share of cars between 
different users and areas will remain the same. The baseline of the model 
is to consider the Finnish projected population by Statistics Finland. 
Year 2019, as the projection start is considered as a base year, and for 
every following year, a population coefficient is calculated based on the 
development of population in every age group and in every municipality 
to address the projected changes in Finnish population. In the model, the 
number of cars within different user groups and areas is then weighted 
by this coefficient every year to consider the effect of demographic 
development. 

4.2.4. Ownership and mileage development coefficients 
To calculate the actual effects on the emissions, in addition to the 

CO2 values, yearly mileage is also needed to be estimated for the total 
emissions of each car in the model. The model assumes that the car will 
have the same annual mileage during the whole simulation. However, to 
allow modelling different scenarios, a coefficient factor based on user 
group, the area type and the model year is introduced. This way, a co-
efficient can be given to a set of cars to change their mileage develop-
ment in calculation. This allows, for example to make a scenario, where 
cars in urban areas have an annual decline of two percent in the mileage 
development, while cars in rural areas have stable or increasing devel-
opment of mileage. 

In addition to mileage, same type of a coefficient factor can also be 
introduced to car ownership. This allows the model to calculate results 
where, for example, only 8 cars are introduced when 10 cars are retired 
from the model. As the mileage coefficient, this can also be varied be-
tween user group, year, area type and the car use to allow personal cars 
to have different ownership development compared to taxis. This is 
calculated in the model by giving the cars a coefficient to use in further 
calculations. 

4.3. Modelling the development speed 

4.3.1. Car age calculation 
Regarding the calculation of the age of the cars, the dataset has two 

pieces of information, the date of first registration (first registration in 
Finland) and the date of first introduction (first registration overall). For 
most cars, these are the same, since the first registration has been in 
Finland, but imported cars have different dates and therefore the date of 
first introduction is the primary field used in car age calculation. If first 
introduction date field is missing, only then the date of first registration 
is used. For some older cars, the first introduction date only contains the 
year. For those cars, the date is corrected to represent the first day of that 
year. The introduction date calculated with this method is marked as 
datein. This allows the calculation of average age of cars in the dataset. 

This is also used to calculate the yearly average mileage. 

4.3.2. Age of car retirement 
The average passenger car in use in Finland is older (12.1 years) 

compared to the other Nordic countries (8.8 for Denmark, 9.9 for Swe-
den and 10.5 for Norway) and compared to many Western European 
countries (the whole EU-area totals to 10.8) (ACEA 2019). The average 
age of the Finnish car fleet has developed an increasing trend (Infor-
mation Centre of Road Transport, 2020) since new cars are introduced 
less than old cars retired from the fleet. Since no actual historical in-
formation about retired cars was available for this study, the model 
assumes that every car retiring will generate new car as replacement and 
the calculated age of a retiring car is assumed to maintain both the 
average age of the fleet and differences within areas and user groups (see 
Table 1). 

As shown on Table 1, the average age of the cars in Finland differs 
between areas and age groups. These types of variations may be caused 
because of larger share of new cars is bought in urban regions and by 
persons having larger income and second-hand cars having larger share 
in rural areas and in younger age groups. To take these into account in 
the model, new cars are introduced with two different calculation date 
values in the model, the date of first introduction (datein) and the date of 
car specifications (datespec). 

For date of first introduction, the data is available for every car in the 
dataset. Then every car is marked to a group based on the user prefer-
ences, area type and car size. Each of the groups will then have an age 
that is calculated as the average age of every car in the group (ageav). To 
force all cars to follow same type of development, this average age is 
then given for every car inside the group. When every car has the 
average age, they get a calculated date for retirement (dateout) as datein 
+ ageav. After that, a new car is introduced in the model in the following 
day to avoid any overlaps between car iterations. The iterations run for 
every car as many times as needed to produce a car generation that exist 
at the beginning of the last year of the model (2040 in this case). Many of 
the existing models (Mäkelä and Auvinen 2013; Beser Hugosson 2016; 
Allekotte et al., 2020; Kamal et al., 2020) use survival curves, which 
have the same type of car fleet data-based approach, but will not allow 
the model to track the change from driving power to another on the 
owner level as this model does. 

4.3.3. Date of car specification 
To maintain the average age of cars, datespec -variable is used to 

simulate used car market and represent the date the car would originally 
have been introduced to the market. This is used as car age calculation 
base value. datespec is calculated to every car as datein-0.5*ageav. Since 
specification date is calculated in relation to the average age, the areas 
and user groups with older cars have older specification dates compared 
to the areas and user groups with newer cars, even though the date of 
introduction would be the same for the cars. This calculation method 
allows every car in the model to be as old as the average age of the group 
it represents at the exact time the car is in the middle of its lifespan in the 
model. Even though this method loses the detail of every unique car and 
its age, this allows the calculation of development in different areas and 
within user groups while maintaining the difference in those as 

Table 1 
Average age of the cars within different area types and age groups in Finland for 
car in use 31st July 2018 based on the research dataset.  

Area type U1 U2 U3 R5 R6 R7  

Average car age 
(ageav) 

10.0 11.2 11.8 12.6 13.6 13.9   

User’s age group 18- 
24 

25- 
34 

35- 
44 

45- 
54 

55- 
64 

64- 
75 

75þ

Average car age 
(ageav) 

15.1 12.9 11.9 11.9 11.9 11.8 13.4  
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represented in the original data. 

4.3.4. Renewal speed coefficient 
By default, the renewal speed of the car fleet development follows 

the average age of car retirement (dateout). However, to simulate effects 
of different policies that would change the development speed, the 
model has a variable coefficient for development speed, which changes 
the time the car stays in simulation based acting as a multiplier to the 
original age (ageav). By default, this coefficient equals to 1. 

4.4. Modelling the CO2 emissions 

Regarding emissions of cars, 81.8% of cars in the dataset have CO2 
emissions in g/km marked based on the value that is provided by the car 
manufacturer. Cars having no CO2 value are assigned with the average 
value of other cars in dataset having same driving power, year of first 
registration and size classification. VECTOR21-model uses same type of 
CO2 emission segmentation for different car size classes based on the 
actual car fleet data (Mock 2010). 

4.4.1. Car sizes 
The cars were assigned to different size segments during the data 

preparation process. Cars were marked as either mini (≤3.6m), small 
(>3.6m and ≤4.1m), medium (>4.1m and ≤4.55m) or large (>4.55m) 
based on the car length value in the data set. In addition to length-based 
criteria, cars with height above 1.6m were marked large regardless of 
their length to correctly categorize multipurpose vehicles. Since sport 
cars tend to have engine size and power closer to large than compact 
cars, mini and small cars with power above 120bhp and medium cars 
with power above 240bhp were categorized large as well. Cars without 
dimensions information were marked separately as not assigned and 
were included in the model but are excluded in any calculations based 
on the size. 

4.4.2. Future emission estimation 
The CO2 emissions of each car in model that currently exists are 

based on either the actual value given in the data or the group-based 
average calculated based on other entries. For new iterated models, 
the CO2 values can be given as an input differentiated by the year, car 
size and driving power. This allows to vary and compare different types 
of CO2 development. For CO2 lookup, the year based on datespec is used, 
since it considers the differences between areas and thus notes new cars 
not being introduced at same speed in different user groups and area 
types. 

4.5. Modelling yearly driving power shares 

4.5.1. Current driving powers 
The cars are mostly categorized by driving power as they are marked 

in the dataset, but the raw dataset does not correctly use the class for 
plug-in hybrids (they may be marked as conventional petrol or diesel 
cars or electric cars), which causes error to interpret these as is. During 
the data preparation process, a text lookup function based on the make, 
model, and engine variant code information of cars correctly differen-
tiates conventional hybrids, plug-in hybrids, and electric cars in 
different classes. These generated definitions are then used in the model. 

4.5.2. Gas fill-up station locations 
To estimate the possibilities of alternative fuels, such as gas (CNG/ 

CBG), each municipality was given an indication, whether it would be 
possible to use gas as a driving power in these areas based on the gas 
filling network. The model includes both the current network and the 
public plans regarding the expansions of the network to estimate, 
whether the municipality would have a gas filling station within the 
municipality area. This indicator value will only affect the probability of 
the share of gas-powered cars. Since the models examined in the 

literature review did not estimate how cars are divided on different 
areas, but the whole country, they did not have to use a local variable for 
whether the area is suitable for gas-powered cars or not. 

4.5.3. Estimation of new driving powers 
The main component of the model, which can be varied in different 

scenarios, is the shares of new driving powers introduced to the model 
yearly. The model allows to change the shares based on the previous 
driving power used, the user characteristics, the area type, the ability to 
fill up gas and the year of car renewal. All of these can be varied inde-
pendently during the timespan of the model. In case of multiple itera-
tions of the same car during the timespan, the share of different driving 
powers is calculated by taking every previously ran iteration into 
account. 

The shares of different driving powers are introduced as probabili-
ties. If, for example, a car renews in 2025 and 2035 and the probabilities 
to change from petrol to petrol are 70% and 50% respectively, the model 
assumes the probability of that car to be petrol powered after year 2035 
is 35% (70%*50% = 35%). This uses year of datein as lookup since the 
probability of driving power selection is based on the actual year the car 
is introduced (i.e., car is purchased), instead of the specification year of 
the car. When calculating any further results for this car (such as mileage 
or emissions), the driving power probability is used as a coefficient to 
correctly assign the values between all possible alternatives. 

4.6. Estimation of future fleet 

Since the model is using the ageav of the grouped cars (as described in 
4.3.2), some cars in the dataset are already too old based on the datein 
and dateout calculation. To force the model to show the average status of 
different groups, these cars are generated in the past using the same 
calculation method, hence a smooth shift from data-based years to 
modelled years can be achieved. If the cars would be renewed at the 
beginning of the simulation phase of the model (at year 2020), it would 
make the first modelled years irregular, since too many cars would be 
renewed at the start point of the simulation. At this point, no changes are 
made for the number or cars or their driving power, as model respects 
the data as is. Only the dates and the CO2 values are updated based on 
the averages to allow continuous calculation. Therefore, as presented in 
Fig. 3, some cars enter the model as data-based (iteration-variable 
equals 0 at year 2020) and some as already iterated models (iteration 
equals 1 or more at year 2020). Based on existing models found in 
literature review, this seems to be a unique solution to track the car fleet 
development, but this approach allows to model the changes based on 
the previous driving power of the user, which we haven’t seen imple-
mented on previous models at this level. 

Fig. 3. Share of different iterated generations through model years.  
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4.7. Model limitations 

4.7.1. Multiple users in same household 
Using the car fleet data as basis creates some limitations and con-

siderations when interpreting the results. The main reason for this is that 
the data only has the current user information on every car without the 
actual history of ownership. For information regarding what type of cars 
different user own and how they are divided between area types, the 
data can be used directly. However, this may be misleading in some 
cases, since in one-car household, the car is marked to be used by a single 
person, but it may actually be used by several persons in that household. 
The same applies to multi-car households, where the cars may be all 
registered to one person regardless of the actual user, for example to 
gain a benefit in insurance pricing. 

4.7.2. Inherited total mileage 
The mileage calculation is based on the entire history of the car and 

therefore, the calculated average mileage does not necessary respect the 
current user, since on a used car, the calculation is affected by the 
mileage of previous users as well and this all is inherited to the current 
user. However, without proper data about car ownership changes and 
mileage record history available, this is the best assumption that can be 
done. There may also be some interpretation errors, since a car regis-
tered by a parent may be used by their adult children, therefore causing 
the mileage to be calculated for the parent as the car owner. Still, 
comparing data calculated using these methods to the latest Finnish 
National Travel Survey data (NTS 2016), the differences between user 
groups and areas follow the same trends in both average mileage and car 
ownership rates. 

4.7.3. Errors in the dataset 
During the data preparation, all clear typing and marking errors have 

been replaced by a null-value to avoid them affecting the aggregated 
calculation values. While the model runs, these values are converted to 
use the group based averages. One example of this type of typing error is 
the mileage value showing either negative values or a value so large that 
it would be impossible to be achieved (here, annual mileage of 200 000 
km is used as upper limit based on the data). However, since these types 
of errors exist in the data, there may be a possibility of errors that are too 
small to catch using these methods. Because of the amount of raw data, it 
can, however, be assumed that these single smaller errors would not 
cause difference while making calculations based on large user groups 
and area types. Even when considering both the user groups and the area 
types, the cluster sizes are between 12 446–181 705 cars, which would 
allow this type of calculation. 

5. Baseline scenario development 

With the developed car fleet model (SALAMA), a baseline scenario 
for Finnish car fleet until 2040 is generated. The assumptions of the 
baseline scenario are descripted in this chapter. Only some variables in 
the model are adjusted to build the baseline scenario. Fig. 4 presents, 
which variables were used (red arrows) and which ones were used on 
their default values (blue arrows). 

5.1. Share of driving powers 

In the model, the driving power of a new car is based on the previous 
driving power and a series of forecasts of the development of the shares 
of different driving powers (the ranges of the probability variables are 
defined in Appendix B). The yearly forecast is based on the technological 
development of the cars and driving powers, and it follows the outlines 
of “The baseline projection of transport emissions 2020–2050′′ written by 
VTT Technical Research Centre and Ministry of Transport and 

Fig. 4. Different variables used in the baseline scenario.  
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Communications (Jääskeläinen and Laurikko 2020). However, there are 
some minor differences between the results of VTT’s model and the 
proposed model, SALAMA, due to different modelling method. The 
previous driving power is included in the model, since surveys con-
ducted in Finland indicate that previous driving power have an effect on 
the choice of the next driving power (Kalenoja 2020). In addition, 
several studies have found that experience with electric cars increases 
the probability to buy an electric car (Larson et al., 2014; Chen et al., 
2020), which supports the assumption that an electric car is, with high 
probability, replaced with an other electric car. 

The yearly forecast of share of driving powers is developed sepa-
rately for different areas, since the share of driving powers varies be-
tween urban and rural areas. The current share of driving powers in 
different area types was investigated by locating the existing cars to 
urban-rural spatial classification from Finnish Environment Institute 
(SYKE 2013). Urban areas contain categories Inner urban area (U1) and 
Outer urban area (U2). Semiurban areas contain Peri-urban area (U3) and 
Rural area close to urban area (R5). Lastly, Rural heartland area (R6) and 
Sparsely populated rural area (R7) constitute the rural areas. 

Currently in Finland, the urban areas have the highest share of BEVs 
and PHEVs. Rural areas have significantly less BEVs and PHEVS than 
urban and semiurban areas. These results are in line with the findings 
from a survey conducted by The Finnish Information Centre of Auto-
mobile Sector (2019). According to the results from the survey in 
Finland, the most interested in buying a BEV are residents living in 
urban regions. Taken together, these results suggest that BEVs and 
PHEVs are currently and will continue to be most popular in urban and 
semiurban areas. 

Diesel cars are more popular in rural areas than in urban areas. Due 
to the taxation in Finland, diesel car is more affordable than petrol car 
when the annual mileage is high. People in urban areas tend to drive less 
than people living in semiurban and rural areas (Finnish Transport 
Agency 2018a), which explains the popularity of diesel cars in rural 
areas. Fig. 5 below presents the difference in the share of diesel cars in 
different area types. 

In the baseline scenario, the shares of different driving powers are 
introduced as probabilities. This means that when the car renews, the 
current driving power will affect the driving power of the new car. The 
reason for this is that several studies indicate that people often prefer 
certain driving powers. According to a survey conducted by The Finnish 
Information Centre of Automobile Sector (2019), the most desirable 
driving power is petrol (over 70% of the respondents could consider 
purchasing petrol car). However, almost 50% of respondents could also 
consider purchasing PHEV and over 30% could consider purchasing 
BEV. Diesel is desirable driving power for people with high annual 
mileage, since 65% of respondent with high annual mileage (>20 000 
km) could consider diesel as the next driving power. 

Furthermore, according to a survey conducted The Finnish Infor-
mation Centre of Automobile Sector, the most probable driving power of 

a new car for current BEV owners would be BEV, since over 95% of 
current BEV owners could consider repurchasing a BEV. For PHEV 
owners, the most probable driving power would be PHEV. 65% of PHEV 
owners could also buy a BEV. A diesel car is more often replaced with 
PHEV than BEV. The reason for this is probably that diesel owners often 
have high annual mileage and therefore PHEV with a higher range may 
be a more suitable option (Kalenoja 2020). 

Based on previous research, we gave probabilities for the user to 
change from a conventional (petrol or diesel powered) car to a car using 
gas or electricity based on the area and the year. In addition to those, we 
assumed that the share of conventional cars assumed to be replaced by 
another conventional car, the petrol will be always replaced by a petrol 
car, but for a diesel car, 90% is assumed to be replaced as diesels, as 10% 
is assumed to petrol. This is done to follow the ongoing trend that is 
estimated to continue. The specific probability ranges for every pair for 
different years are shown in Appendix B and the share of new driving 
powers introduced in the model for baseline scenario per year in Table 2. 

As Table 2 demonstrates, the share of petrol will remain relatively 
high until 2040 in the baseline scenario. The share of PHEVs will rise 
until 2030, but after that PHEVs are starting to be replaced with BEVs. 
BEVs are starting to grow in number quickly after 2030. In the baseline 
scenario, the share of gas cars will decrease after 2025. Most of the gas 
cars sold in Finland are produced by the Volkswagen Group, which has 
decided not to develop new gas models. The reason for this is that gas 
engines will not meet the stricter EU emission limits. According to 
Volkswagen Group, also the demand for gas cars has been insufficient 
(Handelsblatt 2020). 

In the model, it is possible to vary the driving power probabilities 
between different age groups and genders. Several studies have inves-
tigated for example the socio-demographic characteristics of potential 
EV adopters. It seems that certain gender and age groups are more likely 
to be EV owners, but some of the results contradict each other. Ac-
cording to Chen et al. (2020), young males with higher income are 
probable EV adopters in Nordic countries. Conversely, Mukherjee & 
Ryan (2020) found that in Ireland, young adults (under 35 years) are less 
likely BEV owners. Plötz et al. (2014b) found that in Germany, EV 
buyers are most likely middle-aged men. Due contradictory findings, 
differences between gender and age group are not used in baseline 
scenario. Utilising the age group and gender would require more 

Fig. 5. Share of the diesel cars in different area types based on the cars in use in Finland on 31st July 2018.  

Table 2 
The share of new driving powers introduced per year on baseline scenario.   

2020 2025 2030 2035 2040 

Petrol 64% 67% 62% 50% 47% 
Diesel 26% 21% 18% 15% 12% 
Gas 1% 1% 1% 1% 0% 
Plug-in hybrids 6% 7% 7% 6% 6% 
Electric 3% 4% 12% 28% 35%  

R. Viri et al.                                                                                                                                                                                                                                      



Transport Policy 112 (2021) 63–79

71

statistical analysis regarding the current and the potential owners of 
alternative fuelled cars. However, age and gender groups are included in 
the model, so that it will be possible to utilize differences between these 
groups in other scenarios, after more data and knowledge are gathered. 

5.2. CO2-development 

European Union has set a target of CO2 reduction in new passenger 
car emissions affecting all member countries. The regulation defines that 
the average emissions of new passenger car fleet should have 15% 
reduction on 2025 and 37,5% reduction on 2030 compared to levels on 
year 2021 (EU 2019). The average is calculated EU-wide, so not every 
member country is needed to achieve these levels. 

For the baseline scenario of the CO2 development of new cars, we 
applied an annual decrease (between 0 and 5 percent depending on the 
driving power) based on previous development in Finland until the year 
2025. After that, the CO2 levels of the cars will remain on 2025 level. 
Some models, such as TREMOD-model, estimate the decrease to 
continue even longer (Allekotte et al., 2020). This results that most of 
the CO2 development of the new car fleet is resulted from changes in 
driving powers, which is crucial for achieving these results. In Finland 
with the baseline scenario, these measures would however only result in 
13% and 25% CO2 level decrease for years 2025 and 2030, respectively, 
when comparing to year 2021. When calculating the development of 
CO2 emissions, the datein is used as the year when the car is entered in 
the fleet. 

5.3. Car ownership and mileage 

In the baseline scenario, we wanted to concentrate on changes in the 
car fleet without major changes in the travel demand and changes in car 
ownership levels. Consequently, the average annual mileage per car and 
the car ownership level will remain at the same level as 2018 throughout 
the model lifespan. However, the development of the population will 
affect the total volume of the vehicle kilometres and the total number of 
cars. Therefore, for example, the population growth in certain area will 
generate higher total volume of the vehicle kilometres and a larger car 
fleet. 

As stated in chapter 4.3, different development scenarios can be 
created by adjusting the car ownership and annual mileage coefficients. 
Many Finnish vehicle fleet models (e.g. LIPASTO) use the national 
forecast of the total volume of vehicle kilometres to determine the travel 
demand. According to the national forecast (Finnish Transport Agency 
2018b), in Finland, the total volume of domestic passenger road trans-
port will grow by approximately 22.3% from the 2017 level by the year 
2050. This is a considerable growth, as the population of Finland is 
estimated to decrease after 2031 (Statistics Finland 2019). It should be 
noted that the mileage forecast has been done based on a previous 
population forecast, which indicated an increasing population. 

Several studies have revealed that car use have decreased in many 
developed countries, e.g. in Western Europe and in North America 
(Millard-Ball and Schipper, 2011; Kenworthy 2013; Kuhnimhof et al., 
2013; Focas and Christidis 2017). In Finland, car ownership has been 
increasing, but the increase has slowed down in recent years (Finnish 
Transport and Communications Agency, 2020). However, in Helsinki, 
the number of passenger cars per person has been declining during the 
last few years (City of Helsinki 2020). Declining car use growth and 
stagnating population growth in Finland, together with peak car in 
many European cities, could suggest that car use will not necessarily 
increase as much as predicted in the national forecast of transport vol-
ume. Therefore, instead of using the national transport volume forecast 
as a constant in the model, it is possible to create different scenarios by 
adjusting car ownership and annual mileage coefficients. These co-
efficients can be adjusted between different area types. Hence, it is 
possible, for example, to consider a lowering car ownership in urban 
areas. 

6. Results between baseline and scenarios 

In order to investigate the effect of turnover rate of the car fleet, two 
alternative scenarios were developed, and they were compared with the 
baseline scenario. The baseline scenario uses the values that are 
described in the chapter 5. The created scenarios differ only in the 
average age of cars in the fleet, thus either making the development 
faster, or slower. We chose to create the scenarios with 30% faster 
development and 30% slower development. The faster scenario will 
average the age of cars in the fleet to around 7.9 years, making it 
comparable to countries like Austria and the UK which have the lowest 
average age in Europe according to ACEA (2019). The slower scenario 
will result in an average age of around 14.5 years, which can be com-
parable to Eastern European countries with higher average age. Fig. 6 
describes the differences in the development of car fleet in Finland in all 
three scenarios during 2020–2040. The total amount of cars per year is 
the same between scenarios. 

The share of petrol and diesel cars decreases through the whole 
simulation time, as seen in Figs. 5 and 6, but since the share of petrol cars 
in the beginning of the simulation is large, the majority of cars in the 
fleet will be petrol powered still in the year 2040. This occurs even in the 
faster scenario by using our baseline assumption on how people will 
adopt new driving powers. However, there is a clear difference between 
these scenarios, while looking at the number of electric cars (PHEV +
BEV) and its development, as seen in top-right corner of Fig. 6. The faster 
scenario will result in over 100 000 more electric cars in 2030 and over 
250 000 more in year 2040. 

The share of electric cars is not the only result achieved through the 
faster development of the car fleet. In the baseline scenario, the CO2 
reduction levels of new cars in Finland would result in 13% and 25% 
decrease for year 2025 and 2030, when comparing to the status of year 
2021. This would almost meet the target of 15% for 2025 but would be 
far from fulfilling the 37.5% targeted for 2030. In the faster scenario, the 
2025 result would be 15% and 2030 result would be a bit higher at 28%. 
These denote that the level of how many people are willing to change 
towards electric cars in the baseline scenario is still too low, and it would 
not be enough for Finland to reach the targets on its own. 

However, if the renewal rate of the car fleet would decrease even 
more, as in our slower scenario, the results would be completely 
different. Compared to the baseline results, there would be 80 000 and 
180 000 electric cars less in 2030 and 2040, respectively. The CO2 
reduction levels would also be much lower, resulting in 9% decrease for 
2025 and 19% for 2030 in Finland when comparing to levels of 2021. 
This provides a clear indication that even though there are also many 
different aspects of car fleet development (such as the development of 
market share and market size, and increase in the CO2 efficiency), the 
speed of the development also plays an important role. 

Since different area types are introduced in the model, the baseline 
scenario assumes that in the rural areas the share of diesel-powered cars 
will remain larger due to larger yearly mileage and lack of fast charging 
infrastructure. In contrast, the probability to change to electric cars is 
larger in urban areas. Fig. 7 presents how the share of different driving 
powers develop between the urban (U1 to U3) and the rural (R5 to R7) 
areas. The development of diesel-powered cars is stable between both 
area types, but the faster adoption rate of electric cars in urban areas can 
also be seen in declining share of petrol-powered cars in those areas. 

7. Conclusions & further research 

This paper introduces a Finnish car fleet model, SALAMA, which uses 
disaggregate single vehicle data from the Finnish vehicle register and 
combines it with the socio-demographic data of the vehicle owner. The 
car fleet model provides results both on national and regional level. In 
this paper, we present a baseline scenario for Finnish car fleet devel-
opment until the year 2040. In addition, to study the effects of car fleet 
renewal speed, two additional scenarios are introduced, where car fleet 
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development is 30% faster and 30% slower compared to the baseline 
scenario. 

The research questions in this paper were: 

RQ1: What types of car fleet models exist and what methods they use to 
model the fleet? 
RQ2: How area type differences are taken into account in existing car 
fleet models? 
RQ3: How area type differences can be taken into consideration in a 
model for Finland? 
RQ4: How Finnish baseline scenario can be formed in the model? 
RQ5: What is the effect of altering the car fleet renewal speed compared 
to the Finnish baseline scenario? 

The first research question was answered by conducting a literature 
review (chapter 2), where different car fleet models and modelling 

methods were investigated. For travel demand most of the models 
investigated use an estimated yearly total travel demand for the whole 
nation, which is then allocated to actual cars directly or by using some 
variables such as car age and driving power. Annual vehicle fleet size is 
commonly estimated based on variables such as population develop-
ment and GDP, whereas some models use a more complicated method of 
modelling people’s probability of being a future car owner. The amount 
of annually scrapped vehicles is modelled by using a survival curve 
based on for example the car age statistically calibrated based on pre-
vious data. The driving power shares of new cars were mostly directly 
allocated to the number of new cars needed to complete the vehicle fleet 
size, but a couple of models had more complicated methods to estimate 
the actual car choice. The CO2 -emission development in the models 
were mostly based on either following the current trends or by esti-
mating a percentual stable decline. 

For the second research question, an important finding was that most 
of the existing car fleet models provide results only on a national level 
and not for example on regional level. Even though the car fleet is 
calculated only on national level, some of the models allocate different 
mileage to different types of areas based on statistics on road use and 
journeys, thus allowing a rough estimation of regional level differences. 
However, this does not notice that the car fleet is usually different on 
these areas. 

In order to answer the third research question, the model (SALAMA) 
is built to respect the current differences between area types regarding 
car age and number and driving power share. The average age of cars in 
different regions are assumed stable and the number of cars is estimated 
between area types using the Finnish population projection. We found 
that there are clear areal differences in Finland that affect how different 
driving powers are adopted. In urban areas, the share of electric cars 
increases faster compared to rural areas, where the share of diesel- and 
petrol-powered cars decreases at slower rate. While estimating the ef-
fects of different policies and measures, this model allows us to also get 
results between these area types, which is not supported in this level in 
other Finnish models and there are only a few models in other countries 
that give any area-based results at all. 

Fig. 6. Car fleet development in Finland during 2020–2040 in different scenarios: Base (top-left), 30% faster (bottom-left) and 30% slower (bottom right). Top-right 
shows the number of electric cars (PHEV + BEV) between all scenarios. 

Fig. 7. The share of different driving power between urban (solid line) and 
rural (dashed line) areas in Finland in baseline scenario. 
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To answer the fourth research question, we formed the Finnish 
baseline scenario based on the national estimates. This is further 
developed to estimate the different driving power selection preferences 
in different area types based on prior data and results of different studies 
and surveys. 

As previously stated, the mobility habits of the people will have a 
large influence on the emissions of passenger cars. However, as our re-
sults state, the differences of the car fleet renewal rate will also be an 
important factor regarding the future CO2 emissions of passenger cars. 
In relation to our fifth research question, the baseline scenario estimates 
830 000 electric vehicles (BEV and PHEV) in 2040. In the faster scenario, 
where the car fleet renewal speed is 30% faster than in baseline scenario, 
number of electric vehicles is 1 080 000 (30% higher). Correspondingly, 
the scenario with 30% slower car fleet renewal speed generates only 
650 000 (22% lower) electric vehicles. Even though our simulation 
states that the EU’s target of reducing the emission of new cars by 37.5% 
in 2021–2030 cannot be achieved in Finland even with the faster 
baseline scenario alone, it shows that the faster car fleet development 
does better support the journey towards these targets. This type of faster 
development could be achieved by different policies, such as the 
scrapping bonus (see Ampuja et al., 2016; Marin and Zoboli 2020) and 
investments in charging infrastructure (see Zhang et al., 2016; Morrissey 
et al., 2016; Bi et al., 2017; Ingeborgrud & Ryghaug 2019). 

At this point, the SALAMA model presents the mileage and CO2 
development of every car in the fleet adjusted with the population 
projection of Finland. We aim to add the calculation of total CO2 
emissions of passenger cars to the model, to allow the same type of 
calculation between scenarios as done by Seum et al. (2020), Kamal 
et al. (2020) and Braz da Silva and Moura (2016). In Finland, there are 
also already some calculations like this, such as Lajunen et al. (2020), 
but in contrary to this, we aim to build the calculation in the same model 
as the car fleet development, thus allowing us the same type of calcu-
lation between more specific scenarios of the car fleet development. 
However, research on how to adjust the CO2 level in registration data to 
real world data is still needed, as there are clear differences (see: Tietge 

et al., 2016) as well as to change from NEDC to WTCP. For mileage 
calculation, Finnish National Travel Survey data allows the calculation 
of more specific annual mileage in different subregions of Finland. For 
further calculations, it should be investigated how this data could be 
used in addition to current model data to better estimate the differences 
of areas in CO2 calculation. 

If better data would be available, it would also be crucial to over-
come some of the model limitations. A car fleet data having information 
on when the last user obtained the car and the mileage history of all 
previous inspections would allow us to estimate the annual mileage of 
different user groups on a much more specific level, thus making the 
model mileage estimates more specific. In this case, we could also 
research the need of a mileage survival curve approach that was pre-
sented in some existing models. 
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Appendix A. Model tables and car fleet generation 

The basics of the model are introduced in chapter 4, whereas the model parts that are part of the baseline scenario are introduced in chapter 5. This 
appendix presents the different data tables on how the data is stored and how the actual car fleet generation is done step by step. The data flows 
between tables during calculation are pictured on Fig. A1. 

Driving power probabilities 

Driving power probabilities are introduced per each cluster (all combinations of age group, gender, area type, current driving power, new driving 
power and gas availability) per each year. The data can be modified according to different scenarios, and it is stored as:  

• age group  
• gender  
• area type  
• gas fill-up possibility (either 1 or 0)  
• current driving power (driving power the user has right before switching the car)  
• next driving power (the next driving power)  
• year (depicting the year the user is acquiring new car)  
• probability (0–1 indicating how probable the change is, the sum for each cluster equals always 1) 

Gas fill-up possibility 

To estimate the possibilities of alternative fuels, such as gas, each municipality was given an indication, whether it would be possible to use gas as a 
driving power in these areas based on the gas filling network. This is stored as:  

• municipality code  
• gas fill-up possible or predicted to be possible (1 equals yes, 0 indicates no) 
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CO2 emissions development 

CO2 emissions development is stored for both current and future cars for each combination of introduction year, size class and driving power. For 
cars with year of introduction being 2018 or before, the CO2 is calculated as average of cars in that cluster from the original dataset. For cars with 
introduction year 2019 or later, an annual decrease was proposed based on previous development in Finland, as discussed in chapter 5.2. This data is 
stored as:  

• year of introduction  
• size class  
• driving power  
• CO2 (as g/km, BEVs are stored with 0 g/km) 

Car age 

Car age is calculated as an average from all cars in original dataset having their date of introduction information. The age is calculated for each 
cluster (all combinations of user group, gender, and area type). The data is stored at car age table for further use with following information:  

• age group  
• gender  
• area type  
• n (number of cars in that cluster)  
• average age (in years) 

Car mileage 

Car mileage is calculated as an average from all cars in original dataset having their date of introduction information. The age is calculated for each 
cluster (all combinations of user group, gender, area type, driving power, use case and car size that have mileage information available). The data from 
this table is used in case the car does not have its own mileage information. The data is stored for further use with following information:  

• age group  
• gender  
• area type  
• driving power  
• car size  
• use case (regular or taxi)  
• n (number of cars in that cluster included in calculation)  
• average annual mileage (in kilometres) 

Mileage development 

Mileage development is a table that can be modified according to different scenarios, as discussed in chapter 5.3. It hosts a coefficient factor for 
every year and cluster (age group, gender, area type) for modifying how mileage for future year is calculated. The table is stored as:  

• age group  
• gender  
• area type  
• year  
• coefficient multiplier (> 1 equals larger mileage, < 1 equals less mileage, = 1 equals same mileage that is stored for that car originally) 

Car ownership development 

Car ownership development acts like the mileage table but for car ownership (discussed in chapter 5.3.). In addition to age group, gender, and area 
type, it is also clustered by car use (regular or taxi), to allow to calculate scenarios where the ownership develops differently for regular cars and taxis. 
Table is stored as:  

• age group  
• gender  
• area type  
• use case (regular or taxi)  
• year  
• coefficient multiplier (equals how many cars are introduced when car exits the fleet. 1 equal that the fleet size stays the same) 

Population development 

Population development table contains information for every municipality, age group and gender. For every of combination of these, the amount of 
people in each cluster is calculated from Finnish Population Forecast 2040 (Statistics Finland 2019) for every year. 2019 is used as a base year having a 
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coefficient factor of 1. For every other year, the coefficient factor is calculated as population in cluster in desired year/population in cluster 2019 and 
stored in this table for further use as:  

• municipality code  
• gender  
• age group  
• year (from 2019 to 2040)  
• coefficient factor (> 1 equals population increase for the cluster, < 1 equals population decrease) 

Original dataset 

The original dataset is based on open data by Finnish Transport Safety Agency Trafi received in 2018. The open data resourced are currently 
controlled by the Finnish Transport and Communications Agency Traficom. The dataset used in the model is fully based on open data, with a set of 
extra fields: area the car is registered to (as first three numbers of a Finnish postal code), gender of the registered user (as male/female/na), year of 
birth of registered user (yyyy), age of the registered user at data generation, and the datetime-stamp of last inspection of the car, when the mileage of 
the car is recorded. The dataset holds all the cars that were registered in use in Finland at end of July 2018. 

The original dataset had some errors, extra columns or too detailed information; thus it is cleaned before it is used in the actual model. The 
complete list of columns that carry on from open data without calculation can be found with the open dataset (Traficom 2021). 

At this point, the age and year of birth of the registered user are converted to indicate an age group of the user and the original columns were 
deleted. At this point, the area type is stored for each car based on the area code in the data (as discussed in 4.1.2.), the size classification is calculated 
(as discussed in 4.4.1.), as well as the driving powers for PHEVs are corrected (as discussed in 4.5.1.). This was a one-time run, and the original dataset 
is not used in the actual model, due to it holding data that could allow persons to be identified. The data consist of database rows and every car in 
original dataset is its own row. 

Model run 

At first the driving power probabilities, CO2 emission development and ownership development tables are loaded and converted and unpivoted for 
model use. 

Then an age coefficient factor is stored in a variable to allow controlling the speed of car turnovers. By default, this is 1, this factor is used as a 
multiplier every time car age gets calculated on model run, thus changing the speed (<1 equals faster turnover, > 1 equals slower). 

Since not every car in the dataset have a yearly mileage calculated, as for example newer cars have not been inspected yet, a fallback-variable 
fallbackMileage is introduced as average of all annual mileage present in the data. By default, the cars will use the mileage recorded to that spe-
cific car, if it is available. If not, the mileage is assumed by the average of cars in the same cluster (i.e., having same size, same area type, same driving 
power, use case, user gender and user age group). However, there are some individual cars, that are alone in their cluster and do not have own 
recorded mileage in the dataset. When these are found during the model run, they will be given the fallbackMileage as their annual mileage to continue. 

At this point, the first iteration is calculated for all cars in the cleaned original dataset to generate the first set of new cars. The results of this step are 
calculated as presented in the table below:   

Column Calculation method 

Municipality code Same as original. 
Area Same as original. 
Gender Same as original. 
Age group Same as original. 
Annual mileage Same as original, if available. If not, the average of mileage of cars in same cluster (i.e., having same size, same area type, same driving power, use case, user 

gender and user age group), if not found, then fallbackMileage. 
Size class Same as original. 
Possibility for gas fill- 

up 
Same as original. 

Area type Same as original. 
Use case Same as original. 
Date car enters the 

fleet 
The date of original car entering the fleet + the average age of cars in that cluster (same age group, gender, and area type) queried from the car age-table +
one day to introduce the new generation a day after the previous exits the fleet. 

Date car exists the 
fleet 

Entering date from above + the average age of cars in that cluster (same age group, gender, and area type) queried from the car age-table. 

Driving power Driving power is queried from driving power probability-table using the year when the car enters the fleet, area type, user age group, gender, previous driving 
power and the possibility of gas fill-up in the municipality. Based on these, a set of different new driving powers are returned, which all have their own 
probability (sum of all returned new driving powers = 1). The row having cars’ information is copied to have a variant for all returned possible new driving 
powers as new rows. All the rows have same ID and Iteration code. 

Probability As above, but this stores the returned probability of the specific driving power for that car. Sum of probabilities of one car during one generation (Iteration) is 
always 1. 

Specification year Specification year is calculated to be the year that is half of the average age of that car before the car enters the field (car having average age of 10 years, 
entering the model in 2025, has specification year of 2020). This simulates the effect of used car market and allows every car in the model to be as old as the 
average age of the group it represents at the exact time the car is in the middle of its lifespan in the model. Even though this method loses the detail of every 
unique car and its age, this allows the calculation of development in different areas and within user groups while maintaining the difference in those as 
represented in the original data. 

CO2 emissions The CO2 emissions of the car is queried from the CO2 development-table based on the specification year, size class of the car and the driving power. 
Specification year is used as it simulates that new cars are not introduced at same speed between different areas and user clusters on average. 

ID Same as original, every car in the original dataset has a unique ID, which is kept the same between all generations. 

(continued on next page) 
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(continued ) 

Column Calculation method 

Iteration 1 (as this is the first round of generated cars). 
Ownership coefficient Ownership coefficient is returned to represent the probability of a person in that cluster to own a car in the future. It is queried from the Car ownership 

development-table with age group, gender, area type, year and the use case of the car and stored in this column. 
y2019–y2040 Columns y2019 to y2040 are introduced for further calculation to show the car status at every year from 2019 to 2040. Based on the dates the car enters and 

exists the fleet, they calculate whether that car exist in the fleet on 1st January of that year. If car exists (i.e., introduction date is before or at that date and 
exit date is after or at that date), the column shows 1 for that year. If not, it shows a 0.  

The above columns are calculated for every car in the dataset, thus returning the next generation of cars in the fleet. The row count after this step is 
larger than the original, as for every new driving power possibility, an own row is created. However, the sum of driving power probability is equal as 
the sum of cars in original fleet, as at this point, the number of cars does not change. 

For next step, the same calculation as above is run again, but this time, instead of using the original fleet, it is driven for the cars generated on 
previous step (i.e., cars having Iteration of 1). However, if there is at that point already some cars that exist in year 2040 (i.e., y2040 equals 1), they are 
excluded in the run, as they do not need a new generation to reach the target year. At this run, the Iteration value for every new car is 2. Also, the 
probability is updated, as not all cars in the data have a probability of 1 anymore, hence the new probability is probability of the car in the first 
iteration multiplied to the new queried probability, hence showing the actual probability from the start. The sum of probabilities per car still, however, 
does equal 1. 

This step is repeated as many times as needed for all the cars having a generated generation that exists in year 2040 (i.e., y2040 equals 1). For run n, 
the Iteration value is stored as n and the cars that are used as the previous generation, are the ones having Iteration equal n-1, excluding the ones already 
reached target year of 2040. 

After all cars originating from the cleaned dataset (i.e., all cars having unique ID) have a generation that reaches the target year of 2040. The 
original cars from the original dataset are added to this list. They will have their columns calculated as above, which the exception of driving power 
being the original and its probability always being 1. The ownership coefficient for these is also always 1 as they exist already. The Iteration value for 
these cars is marked as 0 since they are the start of the model. It should, however, be noted at this point when calculating with average age, some cars 
that are in the dataset, may already be calculated to have exited the car fleet before the model start year. The first generation of that car is therefore 
calculated to enter fleet already before the model start year. This is done to maintain the desired stable average age and generation speed of the fleet, 
thus making also the first model years to respect the desired speed. Otherwise, there would be a large set of cars generated at the start date of the 
model, which would then distort the actual calculation. This method does lose the detail of every unique car and its age but allows the calculation of 
development in different areas and within user groups while maintaining the difference in those as represented in the original data. It should also be 
mentioned that for the cars that are created before the model start on 2019, there is no driving power change, but the car always inherits the driving 
power the previous generation had, so the cars are only generated to allow the age of the fleet to be maintained. 

Now, the model has generated multiple generations of cars and every car in the original dataset is generated a path to year 2040. All these cars still 
have the original mileage from the start of the model. At this point, the mileage development-table is queried to return the coefficient of mileage for 
given model year, user age group, gender, and area type. These are then stored in the model as columns y2019_mileage–y2040_mileage to show the 
mileage of the car at every given year the car exists. If the car does not exist at that year, null value is stored instead. 

To finalise the actual car fleet for every year, the results are cleaned by aggregating the rows that have same information but different probabilities 
to only show one row with summed probabilities to not host duplicate values of the same car. This can happen for example when in the first generation, 
a car would be generated two alternative paths, PHEV and BEV, both with 0.5 probability. On next iteration, the BEV can generate new BEV with a 1 
probability, whereas, the PHEV may have a 0.8 BEV and 0.2 PHEV probabilities. The first row creates a BEV with 0.5*1 (previous*current) probability, 
whereas the next row generates a 0.5*0.8 BEV and 0.5*0.2 PHEV, thus generating originally 3 rows for this generation (BEV with 0.5, BEV with 0.4 and 
PHEV with 0.1). This phase now aggregates the BEV rows to only have 2 rows (BEV with 0.9 and PHEV with 0.1). 

To calculate the car fleet and its composition at every given year, the columns y2019 to y2040 are used to only filter to cars existing that year. For 
population correction, every row can be queried from population development-table with municipality code, user age group and gender, which returns a 
multiplier of that cluster. 

With this multiplier, every row (representing a car of certain iteration having a certain driving power) can be given the probability to exist in the 
car fleet as ownership coefficient * driving power probability * population coefficient which can then be summed to calculate the actual fleet composition 
with population development for the desired year. Since every car iteration is stored as a row in the database, the fleet composition for every model 
year can be calculated after model run. 

R. Viri et al.                                                                                                                                                                                                                                      



Transport Policy 112 (2021) 63–79

77

Fig. A1. Model calculation dataflows.  

Appendix B. Probability ranges of new driving powers per previous driving power and year  

Until year 2025  

Probability range for specific driving power (%) 

Previous driving power Petrol Diesel Gas PHEV Electric 

Petrol 86.5–94 0 0–1.5 4–7.5 1.5–6 
Diesel 9.4–8.65 77.85–84.6 0–1.5 4–7.5 1.5–6 
Gas 0–48.5 0 50 0 1.5–50 
Conventional hybrid 25 20 0 40 15 
Plug–in hybrids 0 0 0 70 30 
Electric 0 0 0 10 90 
Other 25 25 0 25 25 

Until year 2030  
Probability range for specific driving power (%) 

Previous driving power Petrol Diesel Gas PHEV Electric 

Petrol 84–91 0 0–0.5 3–5.8 6–10.2 
Diesel 8.4–9.1 75.6–81.9 0–0.5 3–5.8 6–10.2 
Gas 0–44 0 50 0 6–50 
Conventional hybrid 25 20 0 40 15 
Plug–in hybrids 0 0 0 50 50 
Electric 0 0 0 10 90 
Other 25 25 0 25 25 

Until year 2035  
Probability range for specific driving power (%) 

Previous driving power Petrol Diesel Gas PHEV Electric 

Petrol 72–80 0 0 0.5–3 19.5–25 
Diesel 7.2–8 64.8–72 0 0.5–3 19.5–25 
Gas 0–30.5 0 50 0 19.5–50 
Conventional hybrid 25 20 0 40 15 
Plug–in hybrids 0 0 0 50 50 
Electric 0 0 0 10 90 
Other 25 25 0 25 25 

Until year 2040  
Probability range for specific driving power (%) 

Previous driving power Petrol Diesel Gas PHEV Electric 

Petrol 70.5–78 0 0 1–2.5 21–27 

(continued on next page) 
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(continued ) 

Until year 2025  

Probability range for specific driving power (%) 

Previous driving power Petrol Diesel Gas PHEV Electric 

Diesel 7.05–7.8 63.45–70.2 0 1–2.5 21–27 
Gas 0–29 0 50 0 21–50 
Conventional hybrid 25 20 0 40 15 
Plug–in hybrids 0 0 0 50 50 
Electric 0 0 0 10 90 
Other 25 25 0 25 25 

Note: The large variation in the share of development of Gas as a driving power is caused by the variable estimating the probability for an area to have an 
access to fill up gas. The development is shared between gas and electric based on that. The smaller variations in all driving powers is caused by differences 
in area types, as diesel is preferred on rural areas and electric on urban areas. 
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