
 

 

 

 

 

Robustness in constructing a network 

 of induced emissions based on GPS-tracking data 

 

Degree Thesis in Microdata Analysis 

Level: Master of Science (M.Sc.) 

 

 

Authors: Mohanad Al-Soloh, Arkan Al-Isawi 

Supervisors: Xiaoyun Zhao, Kenneth Carling 

Examiner: Siril Yella 

Subject/main field of study: Microdata Analysis 

Course code: MI4001 

Credits: 30 ECTS 

Date of examination:12/06/2017 

 

At Dalarna University it is possible to publish the student thesis in full text in DiVA. The publishing 

is open access, which means the work will be freely accessible to read and download on the internet. 

This will significantly increase the dissemination and visibility of the student thesis. 

Open access is becoming the standard route for spreading scientific and academic information on the 

internet. Dalarna University recommends that both researchers as well as students publish their work 

open access. 

I give my/we give our consent for full text publishing (freely accessible on the internet, open access): 

Yes ☒ No ☐ 

 

 

 Dalarna University – SE-791 88 Falun – Phone +4623-77 80 00  

 

 



 

1 

Abstract 

The mobility of people, freight and information is fundamental to economic and social 

activities such as commuting, manufacturing, distributing consumer goods and supplying 

energy. There are two major problems that arise as a result of mobility. The first is economic 

cost and the second is environmental impact which is of increasing concern in sustainable 

development due to emission levels, particularly as a result of car use. This study focuses on 

constructing a network of induced emissions (NOIEs) by using three models and checking the 

robustness of NOIEs under varying parameters and models. The three models are Stead’s 

model, the NAEI model, and Oguchi’s model. This study uses the Swedish city of Borlänge 

as the case study.  

Calculating CO2 emissions by constructing the NOIEs using Stead’s model appears to 

give an underestimation when compared to results from a NOIEs which applies Oguchi’s 

model. Results when applying the NAEI model in constructing a NOIEs also give an 

underestimation compared to a NOIEs applying Oguchi’s model. Applying the NAEI model 

is, however, more accurate than applying Stead’s model in constructing a NOIEs.  

 The outcomes of this study show that constructing a NOIEs is robust using Oguchi’s 

model. This model is preferable since it takes into account more important variables such as 

driving behavior and the length of the road segments which have a significant impact when 

estimating CO2 emissions. 
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I- Introduction 

The mobility of people, freight and information is fundamental to economic and social 

activities such as commuting, manufacturing, distributing consumption goods, or supplying 

energy ( Jean-Paul Rodrigue 2017).   

The two major problems that are caused by mobility are the economic costs and the 

environmental impacts in which, emissions, especially from car-driving is raising more and 

more concern in sustainable development. 

The transport sector contributed about a quarter (23%) of the total global carbon 

dioxide (CO2) emissions according to the report of the International Energy Agency (IEA). In 

Sweden, 30% of CO2 emissions come from the transport sector according to the Swedish 

Transport Administration (Trafikverket). Within road transport, automobiles and light trucks 

produce well over 75% of emissions. In addition, 27% of greenhouse gas emissions (GHG) 

are a result of transportation emissions. These GHG cause atmospheric changes which are 

harmful to both natural and man-made environments and pose health risks according to the 

United States Environmental Protection Agency (EPA). Figure 1 shows that transport is the 

second biggest contributor to global CO2 emissions being responsible for 23% of total 

emissions.  

  

Figure 1: World CO2 emissions from fuel combustion by sector in 2014 (IEA) 

As a result of population and income growth, total passenger travel is projected to double 

between 2005 and 2050 and due to the growth of personal and freight mobility (IEA) 
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transport energy use and CO2 emissions are expected to increase by nearly 50% by 2030 and 

by more than 80% by 2050 if current trends continue. The role of transportation as a source of 

CO2 emissions have expanded as a result of the decentralization of the city where urban 

dwellers are moving away from the urban cores to the suburban centers, and to outlying areas 

with low-rise settlements (Anas et al.,1998). The increased dependency on cars for 

transportation leads to an increase of the number of cars per household and the distances 

traveled (Behan et al. 2008). As a result, the pollutant emissions due to car traffic are likely to 

increase (Zhao X, 2017). 

Despite the close relationship between transportation and GHG emissions, little 

attention has been paid to the development of the road network and the network that indicates 

the induced emissions by car movements. Therefore, developing a network of induced 

emissions (NOIEs) (Zhao et al., 2017) may contribute to optimal routing leading to reduced 

emissions which is an important factor in tackling climate change and global warming as well 

as reducing personal transport costs. 

NOIEs could be a useful tool in helping to reduce the induced CO2 emissions from the 

transport sector and is also important for urban planning and environmental control. NOIEs 

can also be applied to assist in finding an optimal solution in which the induced CO2 

emissions are minimized.  

It is therefore important to check the robustness of the NOIEs. The robustness of an 

analytical procedure can be defined as a measure of its ability to remain unaffected by small, 

but deliberate variations in method parameters and provides an indication of its reliability 

during normal usage, Y.Vander Heyden et al.(2006). Robustness can also be described as the 

ability to perform the analytical process using different laboratories or under different 

circumstances without the occurrence of unexpected differences in the obtained results. 

A robustness check of NOIEs can be conducted by varying the models and parameters 

to make sure the use of NOIEs continue to provide a good estimate of CO2 emissions. The 

robustness checks in this paper are mainly focused on sensitivity and stability checks.  

There are enormous numbers of studies which propose methodologies to estimate CO2 

emissions using various sets of factors. Stead (1999) considered the length of the road as the 

only factor to estimate CO2 emissions. This model is simple and easy to apply but it also has 

the risk of oversimplifying the real situation since it neglects all other factors that influence 
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the quantity of CO2 emissions. Oguchi et al (2002) proposed to estimate CO2 emissions based 

on travel time, travel distance, acceleration and deceleration. This model is specifically suited 

to GPS tracking data of cars (Carling et al., 2013). Demir et al (2014) reviewed models for 

estimating CO2 emissions and fuel consumption based on various vehicle characteristics and 

fuel consumption factors. This paper applies three models, Stead’s model, the NAEI model, 

and Oguchi’s model in checking the robustness of the NOIEs.  

The first research question is how sensitive the NOIEs is to the changing of 

parameters by applying the three different models and by changing the parameter settings of 

the models. The second research question is how stable the NOIEs is when changing 

assumptions in applying the models to estimate CO2 emissions.  

II- Literature review 

In order to construct a road network of induced CO2 emissions (NOIEs), we need to estimate 

the CO2 emissions which are a result of car use. Many studies have used different models to 

estimate CO2 emissions and other impacts of vehicle use. The major difference between the 

models is the different factors that are considered crucial in estimating CO2 emissions.  

It is necessary to mention the importance of measuring CO2 emissions accurately by 

sectors in order to implement reduction strategies by decision makers to meet the targets for 

CO2 emissions sets by governments (Lejri et al., 2016). 

A great deal of research has been done which studies the impact of various CO2 

emission reduction strategies from all over the world. Andersson (2015) studied the impact of 

the introduction of a carbon tax and value added tax (VAT) on transport fuel in the year 1990-

1991 in Sweden as one of the first countries in the world to introduce a carbon tax and 

provided an estimation of the reduction in CO2 emissions. An alternative model was 

constructed using the synthetic control method to examine what the effects on emissions 

would have been had Sweden not introduced the carbon tax in 1990. This particular method is 

developed and applied in Abadie and Gardezabal (2003) and Abadie et al., (2010; 2014).  

McKinnon (2010) summarized the results of CO2 emissions from the freight transport 

sector within the UK listed two general approaches to measuring CO2 emissions. 

Firstly, input-based measures which are derived from estimates of the fuel and energy that are 

supplied or purchased by companies in particular sectors. Secondly, output-based measures, 

which are derived from estimates of the actual amount of work done and the energy consumed 
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per unit of output. This study has revealed the discrepancies in the available statistics and the 

difficulties in estimating emission values for waterborne freight and air cargo. Furthermore, 

the author comments that great care must be exercised in interpreting CO2 data for freight 

transport for several reasons such as, differing assumptions about the utilization of vehicle 

capacity, use of parameters derived from international studies, sectoral allocation of CO2 

emissions, use of tonne-km as the output measure for freight transport, movement of freight in 

passenger vehicles and additional sources of CO2 and other global warming gases. Using the 

best available data the freight transport operations in 2004 were responsible for approximately 

6% of total UK CO2 emissions. 

Lee et al. (2011) analyzed the CO2 emissions for 1960-2008 in the U.S. transportation 

sector as a result of the use of petroleum fuels which led to an increase in CO2 emissions from 

this sector along with other major contributors such as urban development patterns, higher 

incomes and generally low fuel prices. By reviewing the available data from different sources 

including the Oak Ridge Transportation Energy Data Book and the online National 

Transportation Statistics from the Bureau of Transport Statistics the authors analyzed the 

estimations for energy use by sector.  

The impact of the economy on carbon emissions has also been investigated. In order to 

understand how the growth of Gross domestic product (GDP) contributes to CO2 emissions, it 

is useful to compare the trends in transport to trends in GDP. The findings show that 

emissions grew less rapidly than GDP. Furthermore the authors found that between1960-2008 

the volume of travel (in passenger/km) and freight transport have increased by 3.5 and 3 times 

respectively. Air travel has grown much faster from 3% to 12% as a proportion of total travel 

whereas bus and rail have decreased from 7% in 1960 to 4% in 2008. Freight transport by 

trucks increased to almost 32% of tonne-km by 2008 while rail freight declined from 36% in 

1960 to 33% by 2008. Unfortunately, the modes of travel and freight increased for the modes 

which consume the most energy. 

Hickman et al. (1999) developed an application of the European Commission on 

emission factors for road transportation (INFRAS, 1995) and formulated a methodology 

called MEET which is used for calculating transportation emissions and energy consumption 

for heavy goods vehicles. The results obtained from this model might not be accurate because 

of the need for updated parameters that are required by this model. Changes in engine 
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technology and the aerodynamic design of vehicles since the publication of this study make 

the parameters of the MEET model too old to be used since it was calibrated in 1999.  

Weilenmann et al. (2005) used average speed to estimate emissions from road traffic 

but they neglected that patterns with different driving behavior and vehicle dynamics can 

yield the same average speed.  

Demir et al. (2014) reviewed factors such as speed, acceleration, deceleration, time, 

driver characteristics and distance which influence fuel consumption in transportation and 

which are crucial to calculating CO2 emissions. Demir et al. (2014) also reviewed 13 different 

macroscopic emission models using average speed (km/h). These models are important tools 

in a wide-area emission assessment.  Emission rates can be calculated for a variety of trips, 

each with different average speed. These models could also be used to develop a national or 

regional emission inventory. In addition, Demir et al. (2014) reviewed “microscopic models” 

which use instantaneous emission models (at time t) for the estimation of hot-stabilized 

vehicle emissions. These models generate more accurate predictions of traffic emissions since 

they are based on instantaneous vehicle kinematic variables such as acceleration and speed or 

on more aggregated modal variables such as speed, acceleration and time spent in each traffic 

mode. An instantaneous fuel consumption model (IFCM) is one example of a microscopic 

model which is described by Bowyer et al. (1985).  

The IFCM model takes the characteristics of the vehicle into consideration such as 

mass, energy, efficiency parameters, drag force and fuel consumption components associated 

with aerodynamic drag and rolling resistance and approximates the fuel consumption per 

second. This type of model is not compatible with the data which are available for this study 

and as a result these models have not been used in this study. 

Oduro, et al. (2013) studied the impact of speed and acceleration in predicting CO2 

emissions and concluded that both speed and acceleration have a significant influence in 

predicting CO2 emissions but speed has a greater impact than acceleration. 

Davis et al. (2005) used a model that is developed by the International Vehicle 

Emissions (IVE) but the model is time-consuming and requires a significant effort to collect 

the data that are used as inputs to the IVE tools. These inputs take into account the 

characteristics of the vehicles, the characteristics of the drivers, the drivers’ behavior and 

different vehicle emission factors specific to the local vehicles. This model relies on having 
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available input data to estimate CO2 emissions but this data is not available in the GPS data 

set and so we avoided, in this study, constructing the NOIEs using the Davis model. 

In Carling et al., (2013), in order to develop a method for empirically measuring the 

difference in carbon footprint between traditional and online retailing (e-tailing) from the 

entry point to a geographical area to consumer residence, CO2 emissions have been calculated 

by using the length of road segment (distance) as the only parameter because of the ease of 

collecting such data, and also the ease of calculating CO2 emissions using such a model. 

Despite an awareness that other factors such as speed, time, acceleration, deceleration, road 

and weather condition, and driver behavior and vehicle type are also important in estimating 

CO2 emissions, these factors has been ignored. The model is proposed by Stead (1999) based 

on a data from the 1989-1991 National Travel Survey.  

Maden et al. (2010) applied the UK National Atmospheric Emissions Inventory 

(NAEI 2012) model to solve the vehicle routing model and scheduling problem with the 

objectives of minimizing the total travel time under congestion. For each vehicle category, the 

emission rate with average speed functions for hot exhaust in the NAEI can be calculated 

either from a combination of total fuel consumption data and fuel properties or from a 

combination of driving-related emission factors and road traffic data in (g/km) and then it 

could be converted into kg/km. The NAIE model uses average speed and distance rather than 

only the distance in Stead’s model.  

In Zhao et al. (2017), the term NOIEs was introduced for the first time, and a model 

proposed by Oguchi (2002) was applied to estimate CO2 emissions. This model considers 

more factors in estimating CO2 emissions such as time, distance and acceleration. Ryosuke 

and Yasuhide (2012) also used Oguchi’s model to estimate CO2 emissions produced by car 

use in order to use the results as a tool in the promotion of eco-driving. They showed that fuel 

consumption information may make drivers persist with eco-driving whereas training in eco-

driving techniques does not have the same positive long-term effects. 

Studies related to robustness checks have been also reviewed in order to follow the 

process of conducting a robustness check of the constructed NOIEs. Galleotti et al. (2005) 

checked the robustness of the evidence regarding the reduced-form relationship between a 

country’s economic growth and the quantity of pollutants produced in the process where in 

several cases the researchers have found evidence pointing to an inverted-U “environmental 
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Kuznets” curve as known as EKC. He conducted this analysis by setting different parameters 

and by using alternative emissions data from the International Energy Agency. He found that 

the evidence on the EKC does not appear to depend upon the source of the data. There is, 

however, evidence of an inverted-U pattern for the group of OECD countries regardless of 

which data set is used although not for non-OECD countries where the EKC differs 

depending on the data set.  

Carling et al.(2013) checked the robustness of the results of estimating CO2 emissions 

by checking the correlation between CO2 emissions and road distance by applying higher 

emissions on the road segments with a speed limit of 50 km/h and below in urban areas and 

found that the differences between the default and the changed parameter are too small to be 

significant. The study deemed, therefore, that the original measurements were robust to the 

assumption that distance directly correlates to emissions. 

Zhao et al. (2017) developed a conceptual model for the interaction of the three key 

actors with different objectives in the forming of residential development, local government, 

estate investors, and residents. The default setting of the parameters that are required for the 

implementation of the methodology has been replaced by an aberrant setting as a sensitivity 

check of the model to see if it is robust for replication in other cities.  

Very few studies, however, have been found to check the robustness of NOIEs. In this 

study, we shall therefore conduct a robustness check of the developed network of induced 

emissions in order to get an indicator about the benefit of implementing NOIEs. 

III- Methodology  

To calculate a road network of induced CO2 emissions (NOIEs), three models have been used 

which use different factors in order to calculate the road network CO2 emissions. Table 1 

shows which variables have been used in the three models for the estimation of the CO2 

emissions. 

Table 1: The variables that are used in each model to construct NOIEs.  

Models’ variables 

Stead NAEI Oguchi 

Distance Distance Distance 

 Average Speed Time 

  Acceleration 
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3.1 Stead’s model  

Stead (1999) proposed a model using the travel distance as a reasonable proxy for vehicle 

energy consumption and emissions of most pollutants. The model uses a set of emission 

factors for each type of pollutant which is derived from the results of on-road vehicle tests in 

the United Kingdom under different traffic conditions. 

𝐶𝑂2 𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠(𝑘𝑔/𝑘𝑚) = 𝐶𝑂2 𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠 𝑓𝑎𝑐𝑡𝑜𝑟(𝑘𝑔/𝑘𝑚)  ∗  𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑘𝑚)   (1) 

The CO2 emissions rate, which is used in order to calculate CO2 emissions in this 

study, is assumed to be 0.15 kg for each km and is used by Carling et al. (2013). This 

emission rate is according to the EU norm for testing car emissions and refers to driving on a 

mixture of urban and non-urban roads. In 2012, newly registered cars in Sweden emitted 0.14 

kg per km of CO2 whereas the existing car fleet in Sweden emitted somewhat more CO2.   

3.2 The NAEI model  

This model is proposed by the UK National Atmospheric Emissions Inventory and applied by 

Maden et al. (2010) to solve the vehicle routing model and scheduling problem. We calculate 

the emission factor EF for fuel consumption F(υ) using equation 2. 

                                   𝐹(𝑣) =
𝑘(𝑎+𝑏𝑣+𝑐𝑣2+𝑑𝑣3+𝑒𝑣4+𝑓𝑣5+𝑔𝑣6)

𝑣
                         (2) 

Where v is the average vehicle speed (in km/h) and where k and a to g are the output 

coefficients and F(υ) is in g/km. Then by multiplying the fuel consumption rate by the road 

segment’s length we get the CO2 emissions in g/km for each road segment. The coefficients 

are found in NAEI (2012)1. 

𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛 = 𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝑓𝑎𝑐𝑡𝑜𝑟(𝐸𝐹) ∗  𝑟𝑜𝑎𝑑 𝑠𝑒𝑔𝑚𝑒𝑛𝑡′𝑠 𝑙𝑒𝑛𝑔𝑡ℎ(km)                (3) 

𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛 (𝑔/𝑘𝑚) =  𝐹(𝑣) (𝑔/𝑘𝑚) ∗  𝑟𝑜𝑎𝑑 𝑠𝑒𝑔𝑚𝑒𝑛𝑡′𝑠 𝑙𝑒𝑛𝑔𝑡ℎ (𝑘𝑚)               (4) 

The average speed is calculated by taking the average speed of all recorded journeys 

on each road segment. For any road segment with no spatial recordings (empty roads) during 

the study period the average speed was set to the speed limit of the road segment. There are 7 

standard emission classifications (pre-euro 1, euro 1,euro 2,euro 3,euro 4, euro 5,euro 6). The 

main difference between them is the year in which each class comes into force. 

  For this model we are using the Euro 5 coefficients shown in Table 2. We choose Euro 

5 because due to the fact that this class has come into force in 2009/9 and our data had been 

                                                           
1 Note: coefficients can be found in the link (accessed at 2017-05-29) 

https://www.gov.uk/government/publications/road-vehicle-emission-factors-2009 

https://www.gov.uk/government/publications/road-vehicle-emission-factors-2009
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collected in 2011. We assume therefore, that Euro 5 emission standards were valid until the 

release of Euro 6 standards at 2014. We also assume that the cars used are personal cars (2.5-

3.5 tons) and that the proportions of diesel and petrol cars in Sweden are approximately 77% 

and 23% respectively according to personal cars statistics from the Swedish Transport 

Analysis Agency. Using these assumptions we calculate the CO2 emissions for each road 

segment. 

Table 2: Parameter sets for the NAEI model by fuel type (Petrol/Diesel) 

Fuel type / petrol K a B C d e f G 

Pre Euro I 5859.86226 13.4385643 0.20178685 0.0216544 0 0 0 1 

Euro I 5859.86226 0.20635608 0.20178685 0.0216544 0 0 0 1 

Euro II 4831.32274 93.4140595 0.9520414 8.4173E-05 4.5393E-05 0 0 1 

Euro III 4831.32274 93.3245886 0.9520414 8.4173E-05 4.5393E-05 0 0 1 

Euro IV 4831.32274 93.2656846 0.9520414 8.4173E-05 4.5393E-05 0 0 1 

Euro V 4831.32274 92.5102615 0.9520414 8.4173E-05 4.5393E-05 0 0 1 

Euro VI 4831.32274 92.5102615 0.9520414 8.4173E-05 4.5393E-05 0 0 1 

Fuel type / diesel K a B C d e f g 

Pre Euro I 4953.76025 88.4523824 0.63428818 0.01335059 -5.509E-05 6.6419E-07 0 1 

Euro I 4953.76025 84.8847246 0.63428818 0.01335059 -5.509E-05 6.6419E-07 0 1 

Euro II 5419.04477 92.6988912 0.62059268 0.00970326 -3.061E-05 3.4575E-07 0 1 

Euro III 5419.04477 92.3483198 0.62059268 0.00970326 -3.061E-05 3.4575E-07 0 1 

Euro IV 5419.04477 92.2077406 0.62059268 0.00970326 -3.061E-05 3.4575E-07 0 1 

Euro V 5419.04477 91.9923642 0.62059268 0.00970326 -3.061E-05 3.4575E-07 0 1 

Euro VI 5419.04477 91.9923642 0.62059268 0.00970326 -3.061E-05 3.4575E-07 0 1 

3.3 Oguchi’s model  

Oguchi et al. (2002) take into consideration travel time, distance and speed change in terms of 

acceleration and deceleration in estimating CO2 emissions.  

𝑒 = 𝑘𝑐 ∗ [0.3𝑡 + 0.028𝑑 + 0.056 ∑ 𝛿𝑖(𝑣𝑖
2 − 𝑣𝑖−1

2)𝑛
𝑖=2 ]                                    (5) 

Where      e= CO2 emissions amount (kg) 

t = Travel time (sec) 

d = Travel distance (m) 

i = Number of points where the speeds are observed 

δi= 1 (when speed is higher than that at the previous point) or 0 (otherwise) 

vi= Travel speed at point i (m/sec) 
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IV- Empirical Analysis 

4.1 Data  

Sweden is divided into 290 municipalities. Each municipality is considered the lowest-level 

local government entity and these municipalities are responsible for a large proportion of local 

services including schools, emergency services and physical planning. Among these 

municipalities is Borlänge municipality which is a midsize city with about 51604 residents 

(Statistics Sweden, 2017 SCB). 303 residents (volunteers) from Borlänge were recruited via 4 

sports clubs to collect the data. Domnarvets GOIF, Kvarnsveden Hockey, Stora Tuna IK and 

Torsångs IP recruited car-owning volunteers to conduct the data collection. Each club 

provided approximately 75 volunteers with their home addresses. Each volunteer holds a 

unique ID to identify themselves. 

Each volunteer was equipped with a GPS- receiver (BT-338X) in their car which 

recorded car movements by taking one observation every 5 to 30 seconds for a period of one 

or two weeks. The fuel type for the cars in this study is assumed to be 77% petrol and 23% 

diesel. The data collection period was March 29 to May 15 2011. The total number of 

volunteers were 319 but as not all of them lived in Borlänge we considered the 303 volunteers 

that have an address registered in Borlänge. 

The total positional recordings of all movements within Sweden from the GPS devices 

was 316810. By excluding the 91205 positional recordings which were outside Borlänge we 

end up with 225605 positional recordings within Borlänge. After removing the positional 

recordings which are located off-road and the recordings which we believe may be due to a 

technical problem in the GPS-device we have 113564 valid recordings. 

Another dataset is used to represent the road network which is provided by the 

National Road Data Base (NVDB). This road network dataset has 9707 road segments and 

after removing 273 redundant road segments we have 9434 valid road segments.  

The GPS tracking data were available for the main regions in Borlänge. 50 data files 

represent 50 volunteers for Domnarvet, 59 data files for Kvarnsveden, 71 data files for Stora 

Tuna A, 83 data files for Stora Tuna B, 58 data files for Torsång. There is in addition, a 

shapefile which contains information on the road network in Borlänge. Table A1 shows the 

valid data logger, for more detailed information, see Table A1 in Appendix A. 

Each file is a Data Logger file which has a .gsd extension and contains tracking data 
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for one volunteer. The data file contains one or more sequential trips the volunteer performed 

during their daily driving. The GPS device recorded the spatial location coordinates, time, and 

date at numerous spatial points for each trip. Figure B1 in Appendix B shows an  Example of 

GPS logger data for the volunteer Domnarvet2. 

Each .gsd file has a variable [Date] which is the latest date and time when the file was 

transferred from the BT-338X to the computer by using the software GlobalSat Data Logger 

PC Utility. The variable [Date] does not change when the files are saved to a specific path on 

the computer. The date and time are in the format of YYYY-MM-DD-tt:mm:ss. The row 

under [Date] shows that the file was loaded at 2011-04-18-10:27:26. 

The variable [TP] represents tracks which are defined as the linked line of a number of 

positional recordings (more than 2) in a specific time period (Xiaoyun Zhao (2014)). The 

numbers 1,2,…, 4 before the “=” sign denotes the track number so the volunteer Domnarvet2 

has generated 4 tracks and the numbers 001,002,…, 004 after the “=” sign represent the 

unique number for each track. Local date and time for each trip are also recorded after the ”=” 

in the format of YYYY-MM-DD-tt:mm:ss which indicates when the volunteer started the 

track.  

Each *.gsd file then gives a detailed description of each track. For example, it reads 

[001,2011-04-06:11:03:46] which shows that the volunteer started track 001 on 2011-04-06 at 

11:03:46 and positional recordings were initiated. 

The next section after [TP] represents the positional recordings that each track 

contained. Each track has a maximum of 95 positional recordings and each track has a 

sequence of information representing latitude, longitude, time, date, velocity and altitude. The 

coordinate system is referenced by the World Geodetic System 84 (WGS84) in the degrees 

decimal minutes format according to the BT-338x user manual. The latitude and longitude are 

measured to a precision of 5 meters. The time is formatted as tt:mm:ss and the date as 

DDMMYY. The velocity is measured in km/h and finally the altitude is not recorded in this 

study and is assigned the value of -1. The track [001,2011-04-06:11:03:46] contains 8 

positional recordings numbered 1 to 8. As an example, positional recording 1 reads 

1=60297055,15251842,90346,60411,3590,-1. This is the first positional recording for the 

track where latitude=60297055, longitude=15251842, time=90346, date=60411, 

velocity=3590 and altitude=-1. 
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4.1.1 Data Preprocessing 

Data preprocessing is conducted following these steps: 

● Reading the contents of all data files (data logger) for each region.  

● Generating new columns for Region, File, Trip, Point. 

● Separating the data which were comma delimited into different columns (Latitude, 

Longitude, Time, Date, Speed). 

● Converting speed by dividing it by 100. 

● Generating object id ObjId based on Region, File, Track, Point. 

● Converting the date and time to the correct format. 

● Generating PreTime column which contains the time in seconds between the current 

and previous spatial points for each spatial recording. 

Table A2 in Appendix A shows a sample of the processed data. 

4.2 Constructing NOIEs 

Constructing NOIEs by applying Stead’s model is straightforward as CO2 emissions can be 

calculated by simply multiplying the length of the road by the CO2 emission factor. By 

comparison, constructing NOIEs by applying NAEI is more complex since we need to 

calculate the average speed for each road segment using the spatial recordings collected by 

the GPS devices. The average speed for roads which have no spatial recordings is considered 

to be the speed limit of the road segment. NOIEs can then be constructed using the NAEI 

model by applying equations (2) then (4). 

4.2.1 Constructing NOIEs using Oguchi’s model 

Constructing NOIEs by applying Oguchi’s model is much more complex than applying NAEI 

and Stead since Oguchi’s model takes more variables, which influence the calculation of CO2 

emission, into account. The most difficult issue in applying Oguchi’s model is that CO2 

emissions are calculated based on the speed profile assumption that the driver will continue 

accelerating until the middle of the road segment and then will decelerate until the end of the 

road segment.  

 This section explains how NOIEs was constructed by applying Oguchi’s model to 

estimate CO2 emissions. An estimation of the speed profile is needed to calculate the 

acceleration and deceleration (Zhao et al., 2017). In order to calculate the acceleration, the 

driving time and distance are first needed. We defined five points for each road segment 
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within the Borlänge road network, Start S/End E (depending on the direction of travel), 

middle M, and in-between IB (one in each half) as is shown in Figure 2 below. We also 

recognized if the start/end point belongs to Intersection or roundabout type. 

 

Figure 2: The division of the road segments 

Each spatial recording in the dataset has a classification level based on its location. 

Table A3 in Appendix A shows the levels which were used when classifying spatial recording 

points.The emissions are calculated for each spatial recording point so each spatial recording 

will be used to independently calculate the variables t, d, v1, v2 which are required in equation 

(5), where t=time, d=distance, v1=the speed at the intersection (15 km/h if both ends of the 

road segment are intersections, 20 km/h if both ends of the road segment are roundabouts, 

17.5 km/h if one end is an intersection and the other end is a roundabout) and v2=the speed in 

the middle of the road.   

After calculating the emissions for each spatial recording, we calculated the emissions 

for each road segment by taking the average of CO2 emissions for the spatial recordings 

which are located on the same road segment. Figure 3, Figure 4 and Figure 5 gives a visual 

explanation of how CO2 emissions were calculated using Oguchi’s model by using the speed 

profile to estimate the speed.  

 

Figure 3: shows how to calculate the CO2 emissions for points which were classified as they 

were located in between with the formulas below: 

𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 = 𝐷1 + 𝐷2 

𝑣2 = √2 ∗ 𝐴𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛 ∗ 𝐷2 + 𝑣3
2 

𝐴𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛 = (𝑣3
2 − 𝑣1

2)/(2 ∗ 𝐷1) 

𝑇𝑖𝑚𝑒 = (𝑣2 − 𝑣1)/𝐴𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛 



 

17 

𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛 =
[𝑘𝑐 ∗ (0.3 ∗ 𝑇𝑖𝑚𝑒 ∗ 2 + 0.028 ∗ 𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 + 0.056 ∗ (𝑣2

2 − 𝑣1
2))]

𝑟𝑜𝑎𝑑′𝑠  𝑙𝑒𝑛𝑔𝑡ℎ
 

 

 

Figure 4: shows how to calculate the CO2 emissions for points which were classified as they 

were located in the middle with the formulas below: 

𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 = 𝐷1 + 𝐷3 

𝐴𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛 = (𝑣2
2 − 𝑣1

2)/(2 ∗ 𝐷1) 

𝑇𝑖𝑚𝑒 = (𝑣2 − 𝑣1)/𝐴𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛 

𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛 =
[𝑘𝑐 ∗ (0.3 ∗ 𝑇𝑖𝑚𝑒 ∗ 2 + 0.028 ∗ 𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 + 0.056 ∗ (𝑣2

2 − 𝑣1
2))]

𝑟𝑜𝑎𝑑′𝑠  𝑙𝑒𝑛𝑔𝑡ℎ
 

 

 

Figure 5: shows how to calculate the CO2 emissions for points which were classified as they 

were located at the roundabout with the formulas below: 

𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 = 𝐷3 

𝐴𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛 = (𝑣2
2 − 𝑣1

2)/(2 ∗ 𝐷1) 

𝑇𝑖𝑚𝑒 = (𝑣2 − 𝑣1)/𝐴𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛 

𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛 =
[𝑘𝑐 ∗ (0.3 ∗ 𝑇𝑖𝑚𝑒 ∗ 2 + 0.028 ∗ 𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 + 0.056 ∗ (𝑣2

2 − 𝑣1
2))]

𝑟𝑜𝑎𝑑′𝑠  𝑙𝑒𝑛𝑔𝑡ℎ
 

We then calculated CO2 again, but the distances which were used were not the 

Euclidian distance between the location of spatial recording points and the start and end 

points for the road segment as shown in Figure 3,Figure 4,and Figure 5. Instead, the distances 

were calculated by substituting the spatial recording point to its corresponding point level at 

the road segment i.e. instead of taking the Euclidian distance D3 in Figure 5, we take the 
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distance between the start and the end point at the road segment. More information about how 

the distances were calculated when considering Euclidian distances can be found in Table A4 

in Appendix  A.  

We may define the first method of calculating CO2 emissions as Emissions with 

Euclidian distances (EED) and the second method as Emissions with Road Distances (ERD).  

We found that there is no significant difference between the results obtained using the EED 

and ERD methods.  

The results for the constructed network of induced CO2 emissions (NOIEs) by car 

movements obtained by applying different models are presented in Appendix B. Appendix B 

also contains the maps for the constructed NOIEs and explanations specific to each map.  

4.3. Sensitivity analysis 

4.3.1 Sensitivity of NOIEs to the model changes 

Table 3 shows the results of the estimated CO2 emissions in kg/km when applying the three 

models used in this study based on the road segment classification points and standardized by 

the lengths of the road segments.  

Table 3: Descriptive statistics for the estimations of CO2 emissions for each model in kg/km . 

Model Min Q1 Median Mean Q3 Max 

Oguchi 0.07 0.19 0.27 0.36 0.41 5.03 

NAEI 0.24 0.25 0.26 0.28 0.29 1.09 

Stead 0.15 0.15 0.15 0.15 0.15 0.15 

The result of estimating CO2 emissions when using Stead’s model is fixed to the 

suggested emissions factor (0.15) after standardizing CO2 emissions by the length of the 

roads. This is to be expected since Stead considers road distance as the only variable when 

calculating the emissions. Therefore, the standard deviation when applying Stead’s model is 

zero. This result is unhelpful since there is no useful information about the estimation of CO2 

emissions. The NAEI model gives clearer information which shows the spread of the data 

since the average speed variable has been used in this model. 

The results in Table 3 also show that adding more variables such as time and 

acceleration have caused a larger spread in the estimation of CO2 emissions. Another reason 

for the large variance when applying Oguchi’s model was a number of errors in recording the 

speed by the GPS devices where a higher recorded speed will produce higher emissions. In 
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addition, roads with short distances will show high emissions after the standardization. 

However, this result is considered reasonable since Oguchi’s model is more complicated and 

takes into account more important variables in constructing NOIEs compared to Stead and 

NAEI.  By using Oguchi’s model as a benchmark, the results in table 4 show that constructing 

NOIEs by applying the NAEI model is underestimating the estimation of CO2 emissions by 

23% in comparison to the results when applying Oguchi’s model. Applying Stead’s model 

also gives underestimated results with emissions 57% lower than the Oguchi’s model 

estimations. 

Table 4: Different estimations for CO2 emissions from different models. 

CO2 EMISSIONS IN KG/KM 

Oguchi (benchmark) NAEI_EURO 5 STEAD 

0.35 0.27 0.15 

Difference -0.08 -0.20 

Difference in percent -23% -57% 

4.3.2 Sensitivity of NOIEs to parameter changes 

Firstly, we checked the sensitivity of NOIEs when applying Oguchi’s model which includes 

the variables time, speed, distance, acceleration, and deceleration. We changed time and 

distance by increasing them by 10% and 20% and then by decreasing them by 10% and 20%. 

We also changed the acceleration by first doubling it and then halving it. The approach speed 

was considered in our study to be 15 km/h at intersections and 20 km/h at roundabouts, so 15 

km/h and 20 km/h represented the average speed of spatial recordings intersections and roads 

respectively. We changed this to be 20 km/h at both intersections and roundabouts. After 

calculating the CO2 emissions, we changed the incoming speed to be 17.5 km/h and 

performed an additional calculation. 

The results showed that the NOIEs is more sensitive to the changes in acceleration. 

When the acceleration is adjusted to double or half of the original value, the change in CO2 is 

60% and -30% respectively. When changing the other variables such as driving time and 

distance, however, CO2 emissions do not change significantly. This is also true when 

adjusting the approach speed where changes were not significant. When applying the changes 

in time, distance and approach speed the differences were lower than 5%. We also performed 

a sensitivity check for NOIEs when applying the NAEI model, which is basically dependent 
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on the variable “Average Speed”, by changing the coefficients of the model through applying 

Euro1 coefficients instead of Euro5 which were used in the original CO2 calculation of the 

model. The sensitivity check was conducted by choosing the values of the coefficients for 

another class, i.e. by choosing the classification Euro 1 which was released 1993 instead of 

Euro 5. 

By checking the sensitivity of the NOIEs when applying the NAEI model using two 

different settings we can see that the NOIEs is sensitive to the change in average speed. We 

can see from Table 5 that the differences are significant and the average CO2 emissions when 

using Euro 5 coefficients is approximately 14% higher when using the latest Euro 5 emissions 

standards. 

Table 5: Descriptive statistics in estimating CO2 emissions using different coefficients for the 

NAEI model in kg/km. 

The NAEI model 

Descriptive statistics of CO2 emissions (kg/km) 

Emissions 

standards 

Min 1st Qu. Median  Mean 3rd Qu. Max 

NAEI Euro 5 0.25 0.25 0.25 0.28 0.29 1.09 

NAEI Euro 1 0.20 0.22 0.22 0.28 0.24 1.15 

Difference 0.05 0.03 0.03 0.0 0.05  -0.06 

Difference in 

percent 

20% 12% 12% 0% 20% -6% 

Stead’s model which was applied to construct the NOIEs depends only on the distance 

(road length) and it is therefore reasonable to assume that changing the distance by a 

particular percentile will change the calculated CO2 emissions by the same percentile and 

there is no need for a sensitivity check. 

4.4  Stability of NOIEs 

A stability check for the NOIEs was conducted by checking two assumptions. The first was 

taking the length of the road segment as a distance, rather than taking the Euclidian distance 

when calculating CO2 emission. The second assumption is proposing the adjusted speed 

profile rather than the triangular speed profile. The adjusted speed profile assumes that the 

driver drives until reaching the speed limit and then continues driving at a regular speed until 
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reaching the point in which the driver starts to decelerate until the end of the road segment is 

reached. 

4.4.1 Checking the assumption of taking road length distance rather than the 

Euclidian distance in constructing NOIEs 

We checked the stability of the NOIEs when applying Oguchi’s model by considering the 

distance to be the road length distance rather than the Euclidean distance between the 

positional recordings and the start/end point of the road segment. The results showed that the 

NOIEs were not sensitive to which distance we considered when estimating CO2 emissions. In 

other words, using either Euclidean distance or road segment length did not have any 

significant impact on the estimated emissions. We recommend, however, using the road 

length distance instead of the Euclidian distance in case the road network has many curved or 

circular road segments. 

4.4.2 Checking the assumption of adjusted speed profile rather than the 

triangular speed profile in constructing NOIEs 

The speed profile was the main assumption when constructing the NOIEs using Oguchi’s 

model where the driver will accelerate to the middle of the road segment and decelerate for 

the rest of the road segment. In other words, the driver will continue to increase their speed 

until they reach the middle of the road segment where the speed will be at the maximum. The 

speed at the beginning and end of the road segment will be the minimum. 

We decided that this assumption a good fit with real life behaviour. The driver may 

reach the speed limit of the road segment before reaching the middle of the road, then drive 

with no additional acceleration until reaching the position in the road in which the driver 

should decelerate to reach the minimum of speed at the end of the road. We need to consider a 

potential problem in this adjusted speed profile assumption in that the driver may drive at over 

or under the speed limit. Figure 6 shows an explanation of the adjusted speed profile 

assumption. 
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Figure 6: The adjusted assumption of speed profile  

We used the spatial recordings which had been collected by the volunteers in Borlänge 

to investigate the location of the “Endpoint of acceleration” (EPA) which is the distance the 

driver covered from the beginning of the road segment until they reach the speed limit of the 

road. We also investigated the location of the “Start point of deceleration” (SPD) at which the 

driver will start to decelerate before reaching the end of the road segment. We performed this 

investigation for different slices of road lengths. Table A5 in Appendix A shows the 

percentage of the road segment the driver used to reach the speed limit of the road and the 

percentage of the road segment covered at which the driver started to decelerate before 

reaching the end of the road segment for each slice. 

From Table A5 in Appendix A, we can conclude that the endpoint of acceleration on 

the road is approximately 27% and the corresponding start point of deceleration is 

approximately 73%. The CO2 emissions for the road segment will be the summation of two 

parts: 

1. CO2 emissions in the acceleration time. 

2. CO2 emissions when the driver drives at a regular speed in the middle section of the 

road. 

  We reiterate that we assumed that the CO2 emissions of the deceleration element are 

zero. CO2 emissions are calculated for each road segment in three states when taking EPA 

equal to 27%, 25% and 30%, and SPD equal to 73%, 75% and 70%. Table 6 shows the 

statistical results of each calculation. 

Table 6: The statistical results of CO2 emissions (kg/km) when taking different values of EPA 

and SPD. The first three rows are when considering the Adjusted Speed Profile assumption, 

whereas the last row is when considering the Basic Speed Profile. 
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Parameters Min 1st Q Median Mean 3rd Q Max 

25%,75% 0.07 0.14 0.23 0.32 0.38 5.01 

27%,73% 0.07 0.14 0.23 0.32 0.38 5.01 

30%,70% 0.07 0.14 0.23 0.32 0.38 5.02 

Basic speed 

profile 
0.07 0.18 0.26 0.35 0.41 5.03 

Table 6 shows that the mean average does not change significantly when changing EPA and 

SPD values. In the first three rows of Table 6, the difference in the means is only about 0.01% 

to 0.02%. The calculation of CO2 emissions using the adjusted speed profile did however, 

show a decrease in comparison with the results when using the basic speed profile.  

The results in table 7 show as a percentage the total reduction of CO2 emission for the 

whole road network. The percentage represents the difference between the total value of CO2 

emission for the whole road network when applying the triangular speed profile divided by 

the total length of the road segments, and the total value of  CO2 emission for the whole road 

network when applying the adjusted speed profile divided by the total length of the road 

segments. The difference of the calculated CO2 emission is also related to the length of the 

road segment. The reduction of the calculated CO2 emission is higher with the road segments 

which are longer than 50 meters so the impact of the adjusted speed profile appears on road 

segments which are longer than 50 meters. This result is reasonable since CO2 emissions 

which are induced when driving at a regular speed are lower than when driving the same 

distance with acceleration. 

Table 7: The difference between the calculated CO2 emissions with the adjusted speed profile 

and that with the triangular speed profile when applying Oguchi model to construct NOIEs. 

Slice (length in meter) Mean diff(%) Road Percentage(%) 

Length <= 50 1.37% 29,3% 

Between 50-100 24.43% 26,4% 

Between 100-200 22.9% 22,8% 

Between 200-300 19.62% 8,2% 

Between 300-500 19.18% 6,9% 

More than 500 12.04% 6,4% 
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V- Conclusions and Discussion 

The two major problems that are caused by mobility are the economic costs and the 

environmental impacts. The global CO2 emissions from the transport sector have reached a 

high level of about a quarter of the total carbon dioxide (CO2). Total passenger travel is 

projected to double between 2005 and 2050 due to population and income growth. 

Developing a network of induced emissions NOIEs (Zhao et al., 2017) may contribute to 

optimal routing leading to reduced emissions which is an important factor in tackling climate 

change and global warming as well as reducing transport costs. 

The aim of this thesis is first to construct a network of induced CO2 emissions 

(NOIEs) using a dataset collected by GPS devices measuring car movements in Borlänge in 

the belief that the developed NOIEs will help in mitigating emissions as well as the cost of 

private travel. We conducted our study by constructing the NOIEs using three models, Stead, 

NAEI and Oguchi, each of which uses different parameters in calculating emissions and by 

subsequently checking the robustness of the NOIEs by checking the sensitivity of NOIEs to 

changes in the corresponding parameters, as well as checking the stability of the estimation of 

CO2 emissions. 

The result of the NOIEs which was constructed by applying Oguchi’s model was 

considered as a benchmark in this study when comparing the results attained when applying 

the other models. 

We found that Stead’s model performs poorly since the model uses only one factor 

which is the driving distance and does not consider other factors such as road condition, 

vehicle condition and driver behavior. The results show that Stead’s model is underestimating 

the CO2 emissions by 57% compared to the results when applying Oguchi’s model.  

The NAEI model is sensitive to vehicle modes of operation such as acceleration since 

it is based on average speed. The results showed that constructing the NOIEs using the NAEI 

model underestimates by about a quarter (23%) compared to Oguchi’s model. It is, however, 

considered more accurate than applying Stead’s model since the NAEI model takes into 

account important factors such as average speed and the length of the road segment.  

Our first conclusion is that constructing the NOIEs by applying Oguchi’s model is 

preferable in order to get a more accurate result since Oguchi’s model takes into account very 

important factors such as time, distance, acceleration, and deceleration which have a 
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significant impact on estimating CO2 emissions. 

When applying Oguchi’s model, we have found that the NOIEs is insensitive to 

changes in driving time, distance, and approach speed, but is sensitive to changes in 

acceleration.  

We checked the stability of the NOIEs when applying Oguchi’s model by checking 

the robustness of two assumptions. The first check is to consider the length of road segment as 

a distance in calculating CO2 emissions rather than considering the Euclidian distance 

between the spatial recording and the classification points at the road segment 

(Start/End/Middle/In Between points). The second check is to apply the adjusted speed profile 

when constructing the NOIEs with Oguchi’s model rather than the triangular speed profile 

assumption. The adjusted speed profile assumes that the driver accelerates for the first quarter 

of the road segment, drives at a regular and fixed speed for about 50% of the length of the 

road segment, then starts to decelerate at the beginning of the fourth quarter of the road 

segment.  

The results showed that there is no significant difference in the result of the NOIEs 

when using the length of the road segments rather than Euclidian distances in calculating CO2 

emissions. We recommend, however, to use the road length when the road network has many 

curved or circular roads. 

The results also showed that the calculated CO2 emissions when applying the adjusted 

speed profile are in average lower than when applying the triangular speed profile 

assumption. The reduction of the calculated CO2 emissions is higher when the length of the 

road segment is longer.  

Our second conclusion is that although there is a difference between the estimation 

when applying Oguchi’s using the basic and adjusted speed profiles, since Oguchi’s model 

takes driving behaviour into account, the highest CO2 emissions will concentrated in the areas 

in which road segments are short and where the driver will accelerate or decelerate many 

times during the trip. Therefore, there are no significant differences between applying the 

triangular and the adjusted speed profile in areas where the road segments are short. The 

overall estimation of the CO2 emissions differs only about 0.03 kg/km which indicates that the 

assumption of the proposed speed profile by (Zhao  X., 2017) holds well with the road 

segments which are shorter than 50 meters, but we assume that the adjusted speed profile 
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assumption will hold regardless of the length of the road segment.  

It should be mentioned that even though Oguchi’s model, which has been considered 

the preferred model and the more reasonable model out of the three selected models, it still 

neglected the vehicle characteristics, type of fuel, road characteristics and other environmental 

factors since considering these factors is costly and requires more advanced techniques for the 

data to be collected.  

This study considered spatial recordings taken from Borlange in which 80% of the 

road segments are shorter than 200 meters. It contains a very small number of curved or 

circular roads and most of the roads have very little change in altitude. We suggest therefore, 

that a future study attempts to address these limitations by attempting to collect more data 

about road and vehicle characteristics, and by choosing a different city which has alternative 

road segment characteristics. 
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Appendix A 

Open access attachments 

The online attached files are: 

● The current report as a pdf document. 

● RCode : zip file contains the R code in 7 separate files, marked with numbers which 

represents the execution series. 

● Results : zip file contains 7 separate CSV files which are documented by another 7 txt 

files.  

● ClassificationPointsFromRoads, DataAfterMergingWithRoadsUsingArcGIS: two zip 

files contain some useful data during the analysis and preprocessing. There is a 

ReadMe text file in each folder which explains the content of each folder. 

● GPStrackingData : zip file contains the GPS data files which we used in our study.  

The attached documents can be found online by using the link: 

https://1drv.ms/f/s!Aug3aLO9P6lebC2FKAxquvk2E1g 

Table A1: The valid GPS Data Logger produced by the volunteer’s movement tracking for 

each area in the city 

Area Valid data logger 

Domnarvet 48 

Kvarnsveden 59 

https://1drv.ms/f/s!Aug3aLO9P6lebC2FKAxquvk2E1g
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Stora Tuna-A 71 

Stora Tune-B 83 

Torsång 58 

Total 319 

 

Table A2: Shows a table contains a sample of processed data after reading from the data 

logger files. 

 

Table A3: Shows the classification levels, which are determined to classify each spatial 

recording depending on its location on the road segment.  

Classification Level Description 

1 Start point at the intersection 

2 Start point at the roundabout 

4 End point at the intersection 

6  End point at the roundabout 

3 Point located in the middle 

51 In between but close to start (intersection) point. 

52 In between but close to start (roundabout) point. 

54 In between but close to end (intersection) point. 
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56 In between but close to end (roundabout) point. 

 

 

Table A4: More details about how the distances were considered when it depends on the 

length of the road when calculating CO2 emissions for Oguchi’s model (ERD)  

In case of InBetween positional recordings: 

D1 = distance between Start and Between1 (Length of road / 4) 

D2 = distance between Between1 and Middle (Length of road / 4) 

D3 = Distance between Between1 and End (3 * Length of road / 4). 

Distance Emissions = Length of road. 

In case of in the Middle positional recordings: 

D1 = distance between Start and Middle (Length of road / 2) 

D3 = distance between Middle and End (Length of road / 2) 

Distance Emissions = Length of road. 

In case of in the Intersection (or Roundabout) positional recordings: 

D1 = distance between Start and Middle (Length of road / 2) 

D3 = Distance Emissions = Length of road. 

 

Table A5: Shows the location percentage on the road segment in which the driver stops/starts 

to accelerate/decelerate on the road. 

Road slice (meter) 

Endpoint of 

acceleration 

(EPA) % 

Start point of 

deceleration (SPD) % 

Percentage of 

roads 

Length <= 50 29.25 70.98 29,3% 

Length between 50 to 100 27.61 70.97 26,4% 

Length between 100 to 200 25.67 71.82 22,8% 

Length between 200 to 300 25.82 72.65 8,2% 

Length between 300 to 500 25.38 73.39 6,9% 

Length > 500 25.38 73.40 6,4% 
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Appendix B: Visualization of network of induced CO2 emissions (NOIEs). 

The results for the constructed network of the induced CO2 emissions (NOIEs) by car 

movements by using different models are presented in Figures 7 to 11 in the Appendix B. The 

road segments are classified as follows, 25% of the roads with the lowest CO2 emissions are 

considered as Low (yellow), 25% of the roads with the highest CO2 emissions are considered 

as High (dark brown) and 50% of the roads which has the values in between Low and High 

are considered as a medium (orange).  

Figure B2 shows NOIEs when applying Oguchi’s model where  the distance was taken 

depending on the road length (ERD), while Figure B3 shows NOIEs by applying Oguchi’s 

model where the distance was taken as a Euclidian distance (EED). CO2 emissions on these 

two figures calculated by taking the average of CO2 emissions for each spatial recording 

located on the road segment. We can obviously see in both methods (ERD, EED) that the 

roads which located at center Borlänge have a higher value of induced emissions of CO2, 

unlike the roads which are far away from the center or even any other agglomeration in which 

the induced emissions of CO2 is lower.  

Figure B4 and Figure B5 represents also NOIEs using Oguchi’s model such as Figure 

B2 and figure B3 respectively, however, the main difference is that in Figure B4 and Figure 

B5 CO2 emissions were calculated by taking the sum of CO2 emissions for the spatial 

recordings which located in the same road segment. We got the same pattern where the roads 

located in center Borlänge have higher emissions compared with the other road segments. 

However, when taking the sum of emissions the pattern considers also traffic density in 

addition to the other parameters.   

Figure B6 represents the induced CO2 emissions road network using NAEI (2012) by 

considering Euro 5 as the model’s coefficients. The results of CO2 emissions were 

standardized by the length of road segment (kg/km). The NAEI model depends on the 

Average Speed, which is the average speed of the spatial recordings which are located on the 

same road segment. In the case of an empty road segment, i.e. the road which has no spatial 

recordings, then the average speed will be considered as the speed limit of the road.  
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Figure B1: example of GPS data logger of the volunteer Domnarvet2 
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Figure B2: NOIEs when constructed by applying Oguchi Model after taking the average CO2 

emissions for the spatial recordings on a road segment. In addition, the distances considered 

depending on the road length. CO2 emissions values were standardized to the length of the 

road segments 
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Figure B3: NOIEs when constructed by applying Oguchi Model after taking the average CO2 

emissions for the spatial recordings on a road segment. In addition, the Euclidian distances 

were considered. CO2 emissions values were standardized to the length of the road segments 
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Figure B4: NOIEs when constructed by applying Oguchi Model after taking the sum of CO2 

emissions for the spatial recordings on a road segment. In addition, the distances considered 

depending on the road length. CO2 emissions values were standardized to the length of the 

road segments 
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Figure B5: NOIEs when constructed by applying Oguchi Model after taking the sum of CO2 

emissions for the spatial recordings on a road segment. In addition, the Euclidian distances 

were considered. CO2 emissions values were standardized to the length of the road segments 
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Figure B6: NOIEs when constructed by applying The NAEI Model.  CO2 emissions values 

were standardized to the length of the road segments 

Appendix C:  The major subjects and process in developing this work and the 

responsibilities of each author. 

 Main Task Task  description Involvement Percentage 

 Arkan Mohanad 
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Meeting with supervisors The first meeting was  at 20/12-2016 and then we 

continue to have a meeting every two weeks plus the 

continuous contact with the supervisors via phone or 

emails.  

95% 95% 

Preparing  the required 

data. 

Reading literature and understanding the problem 100% 100% 

Data preprocessing using 

R and ARCGIS 

Reading data from data files using R 50% 50% 

Cleaning data (removing useless rows) using r 50% 50% 

Converting data to required data types (time, date, 

speed) 

40% 60% 

Solving the aggregation problems which found in 

the recorded data set, using ArcGIS 

60% 40% 

Dividing the roads to four equal parts using ArcGIS 60% 40% 

Classifying the spatial recordings points to (start, 

end, inBetween, middle) using R 

40% 60% 

Calculating three types of distances for each spatial 

recording (Figure 3) using R 

40% 60% 

Oguchi Model Writing functions to apply an Oguchi’s model for 

calculating CO2 emissions for each point using R 

40% 60% 

Creating Roads Network Datasets which aggregating 

the emissions results using R 

40% 60% 

Stead’s model Applying Stead’s model for calculating CO2 

emissions for each road using R 

50% 50% 

The NAEI model Applying the NAEI model for calculating CO2 

emissions for each road using R 

60% 40% 

Visualization  Plotting the maps for the three models using ArcGIS 60% 40% 

Checking Robustness Checking the robustness of Oguchi’s model by 

changing the variables Time, Distance, Acceleration 

using R 

40% 60% 

Checking the robustness of Oguchi’s model by 

changing incoming speed variable using R 

40% 60% 

Checking the correctness of speed profile 

assumption using R 

40% 60% 
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Checking the robustness of the NAEI model 60% 40% 

Documentation Writing abstract 50% 50% 

Introduction 60% 40% 

Literature Review 60% 40% 

Material and methodology 60% 40% 

Robustness check 50% 50% 

Stability analysis for Oguchi’s model 40% 60% 

Sensitivity check for NAEI model 60% 40% 

Results and analysis 50% 50% 

Conclusion and discussion 50% 50% 

R code Documentation 40% 60% 

 

 


