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Titel: En Intelligent Model til Forudsigelse af Energiforbrug for Elbiler ved brug af Big-Data

Elbiler er en større og større del af de biler, der kører rundt på vejene. Et problem med elbiler
er, at de indeholder en begrænset mængde strøm samt at det tager tid at lade dem op. I dette
projekt arbejder vi med en problemstilling, der omhandler at komme med pålidelige estimater
på energiforbrug for en fremtidig tur for elbiler.

Vi anvender et stort datasæt fra et eksisterende data warehouse, der indeholder historiske
observationer, som er map matched til et kort over Danmark. Desuden indeholder datasættet
informationer omkring vejr og oplysninger om de enkelte veje.

Som tilføjelse til data warehouset har vi konstrueret en generel metode til at kombinere et kort
med højdedata. Vi har desuden analyseret i hvilket omfang højdeforskellen og andre faktorer
påvirker energiforbruget. Udover højdeinformation har vi tilføjet og analyseret information
omkring rundkørsler, zoner, trafiklys og retningsskift på en tur. Baseret på vores analyse
har vi fundet frem til hvilke faktorer, der har en påvirkning, og anvendt disse i vores videre
arbejde. Vi anvender ikke den sande tid og hastighed i vores model, fordi disse ikke kendes
for fremtidige ture. I stedet anvender vi hastighedsgrænsen og et estimat af tiden på baggrund
af disse.

Vi har udarbejdet tre forskellige modeller: Lineær regression (LR), Neural Network (NN)
og et neural network, der er kombineret med historiske observationer (NN-observationer).
Kvaliteten af disse modeller er evalueret i forhold til tre baselines, der bygger på at
anvende det gennemsnitlige energiforbrug eller at anvende det energiforbrug, der opgives af
bilproducenterne. Desuden har vi vurderet hvilke features, som har størst betydning ved brug
af LR med en L1 regularization og NN, hvor vi har lavet tests med forskellige kombinationer
af features. Vi har evalueret vores modeller på et testsæt, hvor de faktiske energiforbrug er
kendt. De to modeller LR og NN er betydeligt bedre end baseline metoderne. Dog bliver
vores estimater mere pålidelige ved at anvende de historiske observationer i modellen NN-
observations.

Vores eksperimenter viser at både trafiklys, rundkørsler og det implementerede højdekort
forbedrer kvaliteten af vores energiforbrugsestimater. Desuden viser det sig, at den sande
hastighed og tid forbedrer vores estimater. Så ved at lave en hastighedsmodel, der er mere
præcis end hastighedsgrænsen, kan vi formentligt øge kvaliteten af vores resultater.

Da vi har valgt at komme med estimater på segmenter og derefter regne det samlede
energiforbrug for ture bagefter, kan vores arbejde udvides, så det kan bruges i forbindelse
med at foreslå de mest energieffektive router.
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Introduction 1
Climate change is a topic for a vast number of discussions; this has resulted in many advances
in sustainable development. One of these developments are Electric Vehicles (EVs), which
has the potential of zero emission transportation. Every year the number of EVs that are sold
increases, in Fig. 1.1 we show the trend. From this graph, it is evident that EVs are gaining
tracking in the car market. An Electric Vehicle (EV) has both benefits and drawbacks when
compared to a Conventional Vehicle (CV). The drawbacks are a limited range, and the time it
takes to recharge an EV. As a result, people experience “range anxiety”, i.e. a fear of depleting
the battery on a trip. [Franke et al., 2012] finds that a key factor in easing range anxiety is the
trustworthiness of a range estimation system.
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Figure 1.1: The number of EVs sold per year, for different regions of the world [U.S. Department
of Energy, 2016].

The objective of this report is to present a method that can accurately predict an energy
consumption for any route from A to B. To this end; we have access to a data warehouse which
contains information from EVs. We use this dataset to train three different models, that predicts
energy consumptions.

1.1 Problem Description

We want to predict the energy consumption for a route from A to B. One crude way to predict
the energy consumption is using the length of the route combined with energy consumption
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which is specified by the car manufacturer.

A more elaborate method of predicting energy consumption is by using historical observations
on a route. An average energy consumption for a route can be found using these observations.
However, this approach requires observations for all roads. There are, however, many factors
that affect energy consumption. In [Krogh et al., 2015] some of these factors are studied, they
find weather conditions, and seasons affect the energy consumption.

Based on our understanding of the subject and the results from [Krogh et al., 2015] we have
established the following hypotheses about the factors that have an impact on the energy
consumption.

1. A higher speed will result in a higher energy consumption.
2. A higher acceleration will result in a higher positive energy consumption, and

deceleration will result in a negative energy consumption.
3. A lower temperature will cause the driver to use the heating system causing a higher

energy consumption.
4. Different drivers have a different pattern, causing different energy consumption.
5. The time of day has an impact on the energy consumption due to various congestion.
6. The slope of a road has an effect on energy consumption.

We will confirm or invalidate, each of these hypotheses to determine whether or not to use
them in our energy consumption model.

1.2 Initiating Problem

The initiating problem for the project is the following:

Initiating Problem

Based on a real-world dataset collected from EVs containing GPS and CAN bus data,
which provides information about speed, location, and energy consumption, is it possible to
accurately predict an energy consumption for any arbitrary trip from point A to B given
criteria such as weather information and time of day, using machine intelligence techniques

In Chapter 2 related work in the research field is explored. Chapter 3 gives an overview of
the available data. In Chapter 4 we show how additional information is included to the data
warehouse Chapter 5 provides an in-depth data analysis, in which hypothesis about energy
consumptions are confirmed and invalidated. Based on the data analysis we form a problem
statement. We explain the machine learning methods we use in Chapter 6 and show the
construction of features. Chapter 7 describes our experiments, the setup, and compare three
baselines with our methods. In Chapter 8 we conclude our work.
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Related Work 2
Predicting energy consumptions for EVs is a novel area. There has been some research within
the area, a common factor for the majority of articles is the goal to alleviate the sense of
range anxiety. In [Zheng et al., 2016] a hybrid machine learning model is explored. The hybrid
model composes of two elements, Self-Organizing Maps and Regression Trees (SOM-RT). They
construct a feature vector that describes an entire trip, including variables such as duration,
length, and information about the distribution of accelerations, speeds, and other sensory data.
The dataset they use in their works consists of only 421 trips. The 421 trips are split into 5000
sub-trips for training and 500 for testing. Splitting the trips into sub-trips could create uniform
trips which in turns means their training and test sets and synthetic. They assume that sensory
data is available for future trips. This assumption means that the feature vector is inherently
flawed in a real world setting. These sensory data give an indication the driving style for a
given trip. However, the information is not available for the prediction of new trips.

In [Yu et al., 2012] a method for identifying the driving pattern is developed. This method
uses static information, the speed-limit and the elevation for segments. This is useful because
it can be generalized for an entire road network. In this approach, they cluster a trip into both
multiple speed zones and hilly zones. The speed zones they use are based on the speed limits,
and the hilly zones are identified by the change in elevation throughout a trip. These clusters
are synthesized into a pattern that described the speed and elevation changes for a given trip.
Using the driving pattern the energy consumption is predicted using kinetic equations. The
prediction is accurate; however, it is only evaluated on a single trip.

In [De Cauwer et al., 2017] they work with 2 sets of data. The first data set consists of 3 EVs
that are used as taxis, which are driven in Brussels Capital Region. These taxis are constantly
driven by a set of different drivers. The other set of data has been collected from 30 EVs during
a period of 1 year, in Belgium. They link only a subset of this data to the road network, altitude
information. The subset consists of 2 EV taxis and 3 EVs of the 30 from the other data set.
In their work, they consider how to predict an energy consumption for segments. Using a
neural network, they predict two outputs, which describes the speed profile of a segment at a
given time. They use speed profile, and altitude information, and the temperature in a linear
regression model. In the final step, they aggregate the energy consumption for each segment
of a trip into a total energy consumption for the trip. In the paper, they compare the method to
an average consumption for all trips. For the data set with taxis, their method performs best,
while average energy consumption is best for the other set. Lastly, instead of estimating the
speed profile, they give the observed values to their linear regression model. With the observed
speed profile, the linear model outperforms the average energy consumption.
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Preliminaries 3
In this chapter we describe the road network, and the terminology. Additionally, we provide
a description of our data-warehouse including how the trips are stored. We also list and give
concise information of the data source which we have included. How the additional data
sources are included and used is detailed in Chapter 4.

3.1 Road Network

In this section we describe the road network notation, and terminology used in this report.
In our road network we have a set of segments S. Each s 2 S is equivalent to an edge from
graph notation. We say that a sequence of segments is a route, the definition route is given in
Definition 3.1.1.

Definition 3.1.1. A route must always contain at least one segment, and si, si+1 must be adjacent.
A route is given as sequence of segments:

routei = (s1; s2; : : : ; sn)

In our data-warehouse we have a notion of trips, a trip follows a route. Information has been
recorded for several trips and is stored in our data-warehouse. We introduce the notation of
t; (i) pairs, where t specifies a specific trip, and (i) denotes the ith segment of the trip.

3.2 Data-Warehouse

A large Extract Transform Load process foregoes our data-warehouse, in this process Global
Positioning System (GPS) data is map matched to a map from Open Street Map (OSM). In
addition to map matching, data fusion of GPS data and Controller Area Network bus (CAN
bus) data is performed. In Fig. 3.1 we show an overview of the data fusion. The product of
the data fusion of GPS and CAN bus will be referred to as observations. These observations
are then map matched and formed into trips, as shown in Fig. 3.1. These trips are stored as
t(i) pairs which have a reference to a set of observations. From these observations an energy
consumption is calculated which is specified in kWh.

In addition to the observations being map matched and formed into trips and the trips have
also been enriched with information from other sources. In the paragraphs below, we explain
which information has been added to observations, and trips in the data-warehouse.
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Figure 3.1: Important data components, and their relationship.

Weather Data The weather data is recorded hourly from 71 different weather stations across
Denmark. Each t(i) pair is linked to a weather information from the closest weather station.
This data includes information about wind speed and direction, air temperature, weather
classes (e.g. dry, wet, etc.), the data is collected from [Oceanic and Administration, 2017].

Open Street Map OSM is used for the road network in the data-warehouse, the map is from
2014-01-01. Each segment has information about the category (motorway, primary, etc.), speed-
limit (this information is sparse), length, and direction (either forward or both). OSM contains
more information which has not been included in the data-warehouse.

Regions The data-warehouse has information about the regions of Denmark, there are five
regions, 99 municipalities, and 592 zip codes. While this information is in the data warehouse,
it is not directly linked to each t(i) pair.

Electric Vehicle Data The foundation of our dataset is the EV data which will be the basis for
our predictions. All data from this dataset was collected by [Clever, 2017], and the data was
collected in the period from 2012-01 to 2014-06. We omit data from the first three months as
it has calibration issues as shown in [Andersen et al., 2014a]. This calibration issue means we
consider data from the period of 2012-04 to 2014-06.

In the aforementioned time period 247 835 trips were recorded consisting of 199 399 109
observations. The observations were recorded at a 1Hz frequency. An observation contains
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several attributes such as location, direction, speed, time-stamp, State of Charge (SoC), watt
usage since last observation, a list of attributes is found in Chapter 4.

The observations are from three types of cars; Citroën C-Zero, Mitsubishi iMiEV, and Peugeot
iOn. The three cars are near identical; therefore, the data from all the cars are combined in the
dataset [Andersen et al., 2014b]. According to [Peugeot, 2017] the cars have an average energy
consumption of 106Wh

km . This energy consumption is found based on a test based on the New
European Driving Cycle (NEDC).

3.3 Additional Data Source

In addition to the data from the Data Warehouse described in Section 3.2, we have chosen to
include data from the following data sources, because we assume it will improve our prediction
model:

Supplementary OSM Data In addition to the 2014-01-01 version of OSM in the data-
warehouse we include a newer version 2015-01-01. From this version, we include
information about roundabout and traffic signals. We chose the newer 2015-01-01 version
as it is readily available from previous work.

Zone Data [Styrelsen for Dataforsyning og Effektivisering, 2017] provides information about
city zones, rural zones, and vocational zones for Denmark.

Elevation There exists different elevation models for Denmark, we have included a model into
our data warehouse from [Styrelsen for Dataforsyning og Effektivisering, 2017].

The implementation of the three additional data sources is described in Chapter 4.

3.4 Data Distribution

In this section, we show how the data is distributed in the road network. We show all covered
segments, i.e. segments with at least one observation, in Fig. 3.2 the black lines are motorways,
the green lines are primary roads, and the rest are mixed. In this figure, we see that the majority
of the western section of Denmark is missing.

7



Figure 3.2: Spatial Data Coverage.

We show more concise information in Table 3.1. Where Total segments is the number of segments
for each category, while Segments w. Trips is the number of segments which at least one trip has
passed. Lastly, we show how many t(i)pairs there are for each category. It is noteworthy that
the majority of t(i) pairs are recorded on tertiary, secondary, residential categories. This is due
to these categories being shorter in general, i.e. one t(i)pair on a motorway could traverse 1km
while a pair on a tertiary road would be less such as 100m. In Table A.1 the average length, the
standard deviation of length for each category is shown. The average length of motorways is
1080m while tertiary, secondary, and, residential averages 155m, 212m, and, 104m respectively.
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OSM Category Total Segments Segments w. Trips t(i)

residential 288 081 65 652 (23%) 2 193 847 (16.7%)
service 140 834 12 055 (9%) 205 751 (1.6%)

unclassified 130 005 39 985 (31%) 1 381 253 (10.5%)
tertiary 56 240 39 976 (71%) 4 297 580 (32.6%)

track 45 400 578 (1%) 4742 (0.03%)
unpaved 38 734 2041 (5%) 15 622 (0.1%)

secondary 28 947 22 364 (77%) 3 104 621 (23.6%)
primary 13 039 9702 (74%) 1 309 449 (10%)

motorway 2213 2121 (96%) 387 162 (2.9%)
living_street 1751 316 (18%) 4668 (0.04%)

motorway_link 1727 1423 (83%) 87 179 (0.7%)
trunk 878 732 (83%) 148 879 (1.1%)
road 770 21 (3%) 78 (0.0%)

trunk_link 234 156 (66%) 12 055 (0.1%)
primary_link 228 144 (63%) 6786 (0.05%)

secondary_link 169 123 (73%) 4869 (0.05%)
tertiary_link 67 48 (72%) 1532 (0.01%)

ferry 54 0 (0%) 0 (0.0%)

Total 749 371 197 437 (26%) 13 166 073

Table 3.1: Distribution of Data on the different Road Network categories.
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Database 4
In this chapter, we will show the information which is available and show our contributions
to the data-warehouse. OSM is described such that we can discuss how new attributes
can be derived, and how the elevation model can be included. For the inclusion of the
elevation model, we consider four approaches, two of which we include. By using information
from OSM we derive new attributes, namely direction change, traffic signal information, and
roundabout information. Throughout this chapter, we show diagrams which show what we
have contributed. The green diagrams are our contributions, while the yellow is the information
present in the data warehouse.

4.1 Open Street Map

In this section we will describe the format of OSM, and which information from OSM is already
included in our data-warehouse, and which information we include.

4.1.1 Vector Representation

All the segments in our data warehouse are stored in a data type called geography, which can
represent different spatial objects such as, Points, Polygons, and Linestrings. These objects have
a vector representation as they are connections between points. A Point is given as a coordinate;
this is the smallest instance we use. Segments are represented as Linestrings, which consists of
two or more points, 380 576 (50.8%) of segments consists of two points.

4.1.2 Data-Warehouse Open Street Map Information

In the data-warehouse a map from OSM has been included, in Fig. 4.1 we show the information
that is available, the attributes are described below:

Category Describes the type of segment can be one of the following ferry, living_street,
motorway, motorway_link, primary, primary_link, residential, road, secondary,
secondary_link, service, tertiary, tertiary_link, track, trunk, trunk_link, unclassified,
unpaved.

Direction Signifies which direction a segment can be traversed, can be either Forward or Both.
Segangle The angle of the segment, given by the start and end point of each segment.
Speedlimit Forward The speed limit going forward on a segment, 0 if the limit is unknown.
Speedlimit Backward The speed limit going backward on a segment, 0 if the limit is unknown.
Segmentgeo The spatial representation of a segment.
Streetname The street name of a segment, the street is not always known.

11



Open Street Map

segmentkey : int

category : char
direction : char
segangle : smallint
speedlimit_forward : smallint
speedlimit_backward : smallint
segmentgeo : geography
streetname : text

Figure 4.1: Data-Warehouse OSM information

4.1.3 Additional Open Street Map Information

As mentioned in Section 3.3 OSM contains more information than has been included in the
data-warehouse. In Fig. 4.2 we show that we include information about roundabouts and
traffic signals. This component has a geography, the geography represent either a roundabout
or traffic signal. We use this component to derive new attributes in Section 4.4

4.2 Elevation Data

In this section, we will contribute to the data-warehouse by showing a general method for
combining a given vector map (e.g. OSM), with a raster map. Moreover, we will discuss
approaches for this implementation. We have access to different elevation models from
[Styrelsen for Dataforsyning og Effektivisering, 2017] the different types of models are also
described in the section.

4.2.1 Data-Set

The elevation information for Denmark is from 2015 it is available in different formats. There
are two different models and Laser Scanning (Lidar) data. The two models are Digital Surface
Model (DSM) and Digital Terrain Model (DTM), these models are derived from Lidar data. In
Fig. 4.3 we show the difference between the two models. Using DSM we will get the elevation
of house roof, while DTM has the elevation at ground level. Our goal is to find the elevation
of any given segment. As such we are not interested in the elevation of obstructions such as
houses and trees. Using this criterion we chose between the DTM and Lidar. The DTM has

Open Street Map Extra

roundabout : bool
traffic_signal : bool
geog : geography

Figure 4.2: Data-Warehouse OSM information
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been derived from the Lidar data by professionals, as such we choose to use theDTM instead
of deriving it from the Lidar data ourselves.

4.2.2 Raster Format

The DTM comes in raster format, speci�cally GeoTIFF. In Fig. 4.4 we show a raster map of
Denmark the squares are called pixels, the values of the pixels are arbitrary altitudes above
sea-level. Pixels, in the �gure, without a value are at sea-level. Given a coordinate in Denmark,
we can �nd the altitude of that coordinate, by �nding which pixel that contains the coordinate.
Each pixel represents an area of 40x40cm, and are mutually exclusive, i.e. there is no overlap.

4.2.3 Slope Inclusion

The purpose of the including elevation data is to enhance the map from OSM by �nding a slope
for every segment. In this section, we describe four approaches for including the slope.

Approach 1 For all segments in OSM the start and end points will be enriched with an
elevation. Using the elevation, and the distance between the start and end point a slope is
calculated.

Approach 2 Subdivide all segments into sub-segments s.t. no sub-segment is longer than a
given maximum length. We can then enrich start and end points of each sub-segment with
elevation information to calculate a slope.

Approach 3 Using the size of the pixels in the raster, we can construct interpolated points,
using these points we can subdivide segments. In this approach, we utilize all possible elevation
information for each segment.

Approach 4 A combination of Approach 2 & 3 such that we have a constraint on sub-segments,
where they must be at least some given length. After subdividing the segment, we can check
the slope on the new segments and smooth away nodes if the di � erence of slope is within some
threshold. An example is shown in Fig. 4.5.

DSM
DTM

Figure 4.3: The dashed lines signi�es the given elevation from a model. In this example the
black line is the ground, while the green lines are houses.
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Figure 4.4: An abstract example of a raster map for Denmark
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(a) Approach 4 - Subdivide
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(b) Approach 4 - Smoothing

Figure 4.5: Figure 4.5ashow the elevation of all nodes after subdivision. Figure 4.5bshows the
smoothing of nodes, in this example we remove nodes when they do not impact the slope.

We have depicted these four approaches in Fig. 4.6. The smaller nodes signify subdivided
segments, these nodes also include elevation information. There are compromises between the
di � erent approaches, computation time will naturally increase with the number of nodes, while
an increase of nodes will provide a richer notation of inclination between nodes. In addition
to computation time and accuracy, there is also an issue of matching observations to segments.
We will implement and evaluate approach 1 and approach 2 to see if a larger granularity in the
slope results in better prediction.
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(d) Approach 4 - Combination

Figure 4.6: Four di� erent approaches for including elevation information in nodes.

4.2.4 Approach 1 Implementation

Approach 1 is the minimal solution for combining raster with OSM, as including less
information cause the calculation of slope to be problematic.

With the raster data included the data-warehouse, we construct an SQL query which allows us
to �nd the elevation at the start point and end point of each segment. In Listing 4.1, a snippet
of our SQL query is shown, in this snippet we show how the elevation of start points is found.
There are some important aspects of this query. Speci�cally, it makes use of three functions.
The sub-query in Lines 3-4 usesST_StartPoint which provides the start point, or coordinate of
a given segment. In other words, the subquery contains the start point for all segments. With
this information, the next step is to �nd which pixel each start point belongs too, and this is
achieved with ST_Intersects in Line 5. Lastly, ST_Value is used to �nd the elevation value in
the raster, FALSEsigni�es that pixels with no data are included. There are ten start points and
end points which have no elevation information. These points belong to segments categorized
as ferry, i.e. it does not present as a problem because we omit ferry segments as there are no
observations on these segments as shown in Table3.1. The same method is used to �nd the
elevation of end points, using ST_EndPoint as opposed toST_StartPoint . The full SQL query is
shown in Listing B.1.
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Listing 4.1: Approach 1 SQL Snippet

1 SELECTsegment.segmentkey , ST_Value(rast , segment.startpoint , FALSE)
2 FROMexperiments.elevation ele ,
3 ( SELECTsegmentkey , ST_Startpoint (segmentgeo) as startpoint
4 FROMmaps.osm_dk_20140101LIMIT 800000) segment
5 WHEREST_Intersects(ele.rast , segment.startpoint );

Having found the start and end height of each segment we are interested in �nding the slope of
each segment, the length of each segment is given in our data-warehouse. However segments
can consist of multiple points, i.e. a segment can be curved. 49.2% (368 795) of segments are
contains multiple points. Because of this large number we chose to �nd the distance between
the start point and end point of each segment, s.t. we can calculate the slope from this distance.
We show the equation for slope in Eq. ( 4.1).

slope=
end height� start height

distance
(4.1)

4.2.5 Approach 2 Implementation

We will begin by subdividing all the segments in our road network. Knowing that GPS
locations have some error we chose a sub-segment length of 50m, such that we may be able to
map match observations to a sub-segment. If a segment is 130m it will divided into 3 segments
of length 50m, 50m, and 30m. We construct the sub-segments by implementing a function in the
data-warehouse. The function is called split_linestring , it takes two parameters, the length
which segments will be split into, and the segmentwhich is going be subdivided. The function
is shown in Listing B.3.

We run this function on all our segments, s.t. all segments are subdivided. Once the sub-
segments are created, �nding the slope is similar to Approach 1, the di � erent being we �nd the
elevation of start and end points of the sub-segments and then use Eq. (4.1) to �nd the slope.

Approach 1

segmentkey : int
start_height : numeric
end_height : numeric
slope : numeric

Approach 2

segmentkey : int
subsegmentid : int
start_height : numeric
end_height : numeric
slope : numeric
subsegmentgeo : geography

Figure 4.7: Approach 1 & Approach 2 contribution

4.3 Zone Data

Using information from [ Erhvervsstyrelsen,2017] we can include information about City, Rural,
and Cottage Zones. We include this information into our data warehouse, such that we can
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use any di� erence of energy consumption in the zones for our model. Our assumption is that
you may drive faster in rural zones compared to city zones.

The data consist of one shape�le which includes 4258 polygons where each polygon represents
a zone. In addition to the zone type, the data include municipality of the each zone. We show
a map of these zones in Fig.4.8 the zones are reported by the municipalities which are why
there are such di� erences, especially in the Rural Zones.

Figure 4.8: Green: City Zones, Red: Rural Zones, Orange: Cottage Zones

Since the zones do not fully cover Denmark, we consider how we handle segments that are not
in a zone. The segments that are not in a zone will we annotate as an Unknown zone.

Each of the 749 371 segments fromOSM are mapped to the zones. 8798 segments are part of
multiple zones, for these cases we chose the zone where the segment overlaps the most. An
example of a segment in multiple zones is seen in Fig. 4.9. The black line is the segment, and
the red area is Rural Zone, and the green area is City Zone, in this case, the segment is mostly
in the Rural Zone, and is annotated as such.
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Figure 4.9: Segment in Multiple Zones

Zone

segmentkey

zone : text

Figure 4.10: Zone Contribution

4.4 Derived Attributes

We derive 4 new attributes from the OSM information and the Zone Data. These attributes are
Direction Change, Tra� c Signal, Roundabout, and Speed-limit

4.4.1 Direction Change

The purpose of this attribute is to �nd how much a driver turns when he goes onto a new
segment. Segments are annotated with asegangle, however this attribute has a shortcoming as
it is the angle between the start and end point. Instead we �nd the angle as shown in Fig. 4.11,
here we have two segments Segment 1and Segment 2. In our example, a driver is moving
from Segment 1 to Segment 2, since segments are directed the driver is traversing Segment
1 backward thus the angle we need is between point 2 and 1 on Segment 1 which is 334� .
The angle we need on Segment 2 is between 1 and 2 which is 222� . This gives us a direction
change of 332� � 222� = 112� . The idea behind this feature is to di � erentiate between right, and
left turns, as well as going straight across an intersection. We store this attribute as a natural
number, opposed to labeling, with the right, left, and straight s.t. we can capture di � erent
possibilities. Intersections are not always limited to only one right, one straight, and one left
i.e. there can be any number of possibilities.
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Figure 4.11: Direction of two segments sharing a connection

The order of which the segments are traversed is important, as we need to �nd the correct
angle as shown in Fig. 4.11. There are four di � erent cases which are considered.

1. Forward to Forward.
2. Forward to Backward.
3. Backward to Forward.
4. Backward to Backward.

Our example in Fig. 4.11, where a driver moves from Segment 1 to Segment 2 is case 3 Backward
to Forward. With this knowledge, we can construct a function which calculates the direction
change We make use of the following functions, in our data warehouse:

ˆ ST_Azimuth(geometry p1, geometry p2): returns the north based azimuth in radians
ˆ ST_PointN(geometry linestring1, integer n): returns the nth point of a geometry
ˆ ST_NPoints(geometry g1): returns number of points in the geometry

Using these function, and given two segments and the direction they have been traversed,
i.e. forward or backwardwe can �nd the direction change between the segments as shown in
Algorithm 1.

In Listing B.5 we show the our SQL Statement that constructs the feature. An end result is a
number between 0-359, where 0 correlates to forward, 90 to the right, 180 to backward, 270 to
the left.

For this attribute we must also consider that it is sparse, i.e. at the end of a trip we do not travel
to a new segment thus there cannot be a change of direction, this case we say that the direction
change is 0.

4.4.2 Tra� c Signal

From OSM we have information about the location of tra � c signals. This information is not
included in the data warehouse, but we include it. The task here is to �nd the locations of
tra� c signals and �nding which segments they a � ect. Since the tra� c signals are represented
as points, i.e. they are not directly annotated on segments, we must �nd which tra � c signals
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Algorithm 1 (s1; s2)

input:
s1: From Segment,d1: From Direction
s2: To Segment,d2: To Direction

output: � direction
1: if d1 is forwardthen
2: points  ST_NPoints(s1)
3: f rom_dir  ST_Azimuth(ST_PointN(s1; points� 1); ST_PointN((ST_PointN(s1;points))
4: else if d1 is backwardthen
5: f rom_dir  ST_Azimuth(ST_PointN(s1; 2); ST_PointN((ST_PointN(s1;1))

6: if d2 is forwardthen
7: to_dir  ST_Azimuth(ST_PointN(s2; 1); ST_PointN((ST_PointN(s2; 2))
8: else if d2 is backwardthen
9: points  ST_NPoints(s2)

10: to_dir  ST_Azimuth(ST_PointN(s2; points); ST_PointN((ST_PointN(s2;points� 1))
return to_dir � f rom_dir

belong to which segments. Furthermore, we must consider how we annotate this, instead of
simply annotating that a segment has a tra � c signal, we can annotate at which end of the
segment the tra� c signal is, or possible both ends.

To annotate the segments, we must �rst �nd which segments are in connection with a tra � c
signal. To do this, we downloaded a 2015-01-01 map from OSM, from this we extracted the
locations of tra� c signals. With this information, we �nd which segments within 1 m of a tra� c
signal. We chose a distance of 1m as the threshold because the tra� c signals are not placed
exactly on top of a segment, but close.

With this list of segments that meets our distance criteria, the next step is to �nd whether the
tra� c signal is near the start, end, or both of for each segment. We �nd that 150112 trips
(60.57%) traverse one or more segments that is a� ect by a tra� c signal.

4.4.3 Roundabout

There are many roundabouts in Denmark, 110907 trips (44.75%) traverse one or more
roundabouts, we expect that roundabouts can have a large impact on the energy consumption.
Because many trips pass a roundabout, we �nd it important to �nd how large an impact they
have on energy consumption. Our approach to including this feature is by denoting segments
with two attributes, one that denotes a roundabout at the start of the segment, i.e. when a trip
leaves a roundabout, and one shows at the end of a segment. This approach will be represented
by a Boolean value, as the distance as a continuous value is not guaranteed to be the distance
to a roundabout that directly a � ects tra� c on the given segment.

Roundabouts are annotated in OSM; however, this information has been omitted in our data
warehouse so we must include it ourselves. We say that a segment is connected to a roundabout
if the start or end point of a given segment is within 1 meters of the segment.
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4.4.4 Speed-limit

The speed-limit is sparsely annotated in OSM. There are 749371 segments inOSM and 693500
segment does not include the speed-limit. However OSM provides rules for imputing speed-
limit in Denmark [ Map, 2017]. For all segments, without speed-limit, we use the SpeedLimit
function in Algorithm 2. This approach is naive because there are other speed limits in Denmark
than those used in the algorithm. However the majority of segments follow these common
speed-limits.

Algorithm 2 Speed-limit function
function SpeedLimit (zone; category)

if category= motorwaythen return 130
else if zone= city then return 50
else return 80

In Fig. 4.12 we show the how the derived attributes in stored in the data-warehouse. Here
id : bigint is a reference to a speci�c t(i) pair.

Speedlimit

segmentkey

speedlimit : int

Direction Change

id : bigint

direction_change : int

Roundabout

id : bigint

roundabout_start : bool
roundabout_end : bool

Tra� c Signal

id : bigint

tra� c_signal_start : bool
tra� c_signal_end : bool

Figure 4.12: Derived Attributes Contribution

4.5 Overview

In this section, we provide an overview of the data warehouse, and the contributions we have
made. We mark our contributions with green, while the existing information is marked with a
yellow color. The overview is seen in Fig. 4.13.
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Trips

id : bigint

trip_id : int
segmentno : int
segmentkey : int
datekey : int
weatherkey : int
direction : char
timekey : smallint
gps_points : smallint
speed : real
meters_driven : real
meters_segment : real
seconds : real
ev_kwh : real
gpsdata_ids : bigint[]

Observations

id : bigint

trip_id : int
datekey : int
timekey : smallint
course : smallint
temperature : smallint
ev_charge : smallint
ev_status : smallint
speed : real
euclidian_speed : real
seclastpos : real
meterlastpost : real
km_counter : real
acceleration : real
ev_voltage : real
ev_watt : real
delta_speed : real
jerk : real
weatherkey : bigint
ev_mode : char(1)
timestamp : timestamp
coordinate : geography

Open Street Map

segmentkey : int

category : char
direction : char
segmentang : smallint
speedlimit_forward : smallint
speedlimit_backward : smallint
segmentgeo : geography
name : text

Weather Measures

weatherkey : int

air_temperature : smallint
class : char
datekey : int
dew_point_temperture : smallint
hour : smallint
liquid_perception_1hr: smallint
liquid_perception_3hr: smallint
liquid_perception_6hr: smallint
sea_level_pressure : smallint
snow_depth_cm : smallint
visibility_meter : int
wind_direction : smallint
wind_speed_ms

Municipalities

municipalitykey : smallint

code : smallint
geog : geography
name : text
region_code
region_name : text

Approach 1

segmentkey : int

start_height : numeric
end_height : numeric
slope : numeric

Approach 2

segmentkey : int
subsegmentkey : int
start_height : numeric
end_height : numeric
slope : numeric
subsegmentgeo : geography

Speedlimit

segmentkey

speedlimit : int

Direction Change

id : bigint

direction_change : int

Roundabout

id : bigint

roundabout_start : bool
roundabout_end : bool

Tra� c Signal

id : bigint

tra� c_signal_start : bool
tra� c_signal_end : bool

Zone

segmentkey

zone : text

Figure 4.13: An overview of the attributes in the data-warehouse, and our contributions. Our
contributions are green.
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Data Analysis 5
In this chapter we are going to test our hypotheses from Section 1.1, this will give us an insight
of the factors which impact the energy consumption. We begin our data analysis by �nding
the mean energy consumption for our data, which is � = 165:3Wh

km and the standard deviation
is � = 327Wh

km . The � is roughly 1.5 times higher than the energy consumption speci�ed by
[Peugeot, 2017], which is 106 Wh

km .

5.1 Speed

Hypothesis 1 A higher speed will result in a higher energy consumption.

We know from physics that kinetic energy is given as E = 1
2mv2, where the velocity v has an

exponent. Therefore we expect to see an exponential increase in energy consumption as the
speed increases. In Fig.5.1we show the relationship between speed and energy consumption.
Contrary to our hypothesis, the energy consumption does not increase exponentially. The
graph shows that the average energy consumption from 20 km

hr and above near stable. The
standard deviation is �rst stable from around 80 km

hr . When the speed is below 60 km
hr , the

standard deviation is high. This high standard deviation in energy consumption is caused by
drivers accelerating until they reach the speed limit.
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5.2 Acceleration

Hypothesis 2 A higher acceleration will result in a higher positive energy consumption, and
deceleration will result in a negative energy consumption.

We know from physics that a higher acceleration requires more energy, Newton's second law
dictates that F = ma, where F is Newton and m is the mass, anda is the acceleration. Energy
in Joule is then given by J = N :meters. From this, we expect that the relationship between
acceleration and energy is linear.

In Fig. 5.2 we show how the energy relates with acceleration. Each point in the plot is an
observation. It is clear that deceleration provides energy, while acceleration consumes energy.
Deceleration below � 1 appears to be a near constant 5000Ws . We see a multimodal distribution of
observations, with peaks around � 0:8, 0, and 0:8 acceleration, which correlates to decelerating,
stopping, and acceleration.

We argue that the relationship is between energy and acceleration is linear for some range
of acceleration. This relationship could be captured by having a di � erent linear function
for various ranges of acceleration. In Eq. (5.1) we show function f (a) which takes an input
acceleration a, a will fall into one of the three ranges. Depending on the range an appropriate
linear function is used. We determine that our hypothesis for acceleration hold.

f (a) =

8
>>>>><
>>>>>:

f1(a) if � 4 < a < 0

f2(a) if 0 < a < 1

f3(a) if 1 < a < 4

= Energy (5.1)

5.3 Temperature

Hypothesis 3 A lower temperature will cause the driver to use the heating system causing a
higher energy consumption.
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Figure 5.2: This graph shows an average energy consumption for a given acceleration.
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Our hypothesis is that a EV uses more energy when the temperature is low because of heating
system in the car. We test this hypothesis by showing the relationship between weather data
and observations. The result is seen in Fig. 5.3. The �gure shows the average energy use for
each temperature.

The graph shows that the temperature has a high impact on the energy consumption. The
consumption is almost twice as high at -10 C� compared to 20 C� . We determine that our
hypothesis hold, despite being unable to determine the direct cause of the energy consumption
increase.

5.4 Speed & Temperature

We have found that speed and temperature has a signi�cant impact on the energy consumption.
In this section, we consider the energy consumption relationship between both speed and
temperature. We begin by showing the relationship between speed and energy consumption
at the four di � erent seasons of the year, in Fig.5.4. The graph shows the average energy
consumption for given speed. Energy consumptions below 20 km

hr and above 100km
hr are

�uctuating and are as a result not shown. In the graph, we see that the di � erent between
the seasons are signi�cant. Fall and Spring are similar while Winter and Summer are di � erent
by a factor of near 2.

In Fig. 5.5, we the average energy consumption for a given speed and temperature. It appears
that speed and temperature has a near independent e� ect on energy consumption.

5.5 Driving Style

Hypothesis 4 Di � erent drivers have di � erent pattern, causing di � erent energy consumption.

It is known that people drive di � erently, some drive aggressively accelerating fast, while others
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are opposite and some are in between. We want to show the impact of these factors on the
energy consumption. Our approach to answering this question is by looking at routes with
a large set of trips. Given these trips and the observations for them, we will construct a
combination of di � erent attributes can be used to cluster trips. The target of this analysis is to
�nd if reasonable clusters can be created from our data. If clusters can be created we want to
�nd if how much they impact energy consumption.

For this analysis, we select two routes with a large number of trips from our data-set. Name,
coordinates, length, a total number of trips and category is shown in Table 5.1.

Our analysis is based on techniques from [Constantinescu et al., 2010], in which the goal is
to group drivers into groups based on how aggressively they drive. Our assumption is that
trips which belong a cluster which is aggressive should have a higher energy consumption
compared to trips that are in a passively driven cluster.

In the paper they use the following parameters, which they derive from their data-set:

ˆ Speed over speed-limit - The percentage (V limit ) of time spent above the speed limit where
the vehicle is moving.

ˆ Speed - The average speed (Vavg) and standard deviation ( Vsd) for observations where
the vehicle is moving.

ˆ Acceleration - The standard deviation ( Asd) for observations where the vehicle is moving.
ˆ Positive acceleration - Average acceleration (A+avg) and standard deviation ( A+sd) for all

positive accelerations where the vehicle is moving.
ˆ Breaking - Average deceleration (A � avg) and standard deviation ( A � sd) for all observations

where the vehicle decreases in speed. The free deceleration, decrease in speed without
breaking is ignored based on a threshold for negative acceleration. Negative acceleration
in this threshold is considered as free deceleration.

ˆ Mechanical work - The sum W for of all positive kinetic energy values required to increase
the vehicle speed.

We have calculated each of the driving parameters as described above. However in our test-
cases, for simplicity we do not use a threshold for free deceleration, assuming all negative
accelerations are stepping on brake.

In [ Constantinescu et al., 2010] they conclude there are two extremeclusters based on the
parameters. They use a Hierarchical Cluster Analysis (HCA) with Ward's method and
Euclidean distance. We attempt to cluster the trips from our two routes, in the same approach.
All parameters are normalized to values between zero and one. The result is shown in Table 5.3
and Table 5.2. In the �rst cluster from “Odense /Otterup” trips tend to follow the speed-limit,
and drive slower, while trips in the second cluster indicate harder acceleration and heavy

Name From (Lat,Long) To (Lat,Long) Length No. trips Category

Esbjerg/Varde (55.527234, 8.458269) (55.600499, 8.502106) 8.6 km 433 Primary
Odense/Otterup (55.423181, 10.370683) (55.504989, 10.394733) 9.6 km 428 Secondary

Table 5.1: Selected trips for clustering
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braking. This results in less energy consumption in the �rst cluster. In the �rst cluster from
“Esbjerg/Varde” the speed-limit is mostly respected, and the driven speed is slower, however
there is a higher variation in speed compared to the second cluster.

Overall it appears the most aggressive drivers are in cluster 2 (Odense/Otterup) which
also result in higher energy consumption. Cluster 1 (Esbjerg /Varde) has a higher energy
consumption, despite having the appearance of being the least aggressive cluster based on
softer braking and accelerations. This points towards the relation aggressive and passive
clusters may not impact our energy consumption based on our driving parameters. We assume
that this lack of impact may also be caused by other factors such as weather, tra� c lights, etc.

We normalized the energy consumption in relation to the season. As seen in Section 5.3 there
is almost a constant gap between the seasons. The average energy consumption is therefore
calculated for each season. The average energy consumption for each season is used to calculate
a factor to convert the energy consumption to the winter season. These factors are:

ˆ Fall: 1.28
ˆ Spring: 1.31
ˆ Summer: 1.51

These factors are used to calculate a normalized energy consumption. For the (Esbjerg/Varde)
route this not make a di � erence, but for the (Odense/Otterup) route there is a swap in the
largest energy consumption. The most aggressive drivers are in cluster 2 (Odense/Otterup)
and cluster 2 (Esbjerg/Varde), opposed to our hypothesis the energy consumption are lower
for these. We conclude that the variation of speed is the best indicator for clustering. However
the e� ect is near insigni�cant. Thus our conclusion is clustering on these parameters is not
reasonable.

Parameter Both Cluster 1 Cluster 2

Size 428 336 92
Energy 1.55kWh(0.41) 1.55kWh(0.39) 1.56kWh(0.46)
Energy normalized 1.97 kWh(0.50) 1.98kWh(0.50) 1.94kWh(0.50)
V limit 32.05 % (20.07) 24.53 % (14.16) 59.51 % (13.47)
Vavg 79.20km=h (7.32) 79.03km=h (7.47) 79.79km=h (6.77)
Vsd 17.76 (5.24) 17.79 (5.44) 17.67 (4.48)
Asd 0.74 (0.54) 0.75 (0.59) 0.68 (0.29)
A+avg 0.68m=s2 (0.84) 0.69m=s2 (0.95) 0.64m=s2 (0.14)
A+sd 0.55 (0.29) 0.55 (0.32) 0.54 (0.16)
A� avg -0.73m=s2 (0.24) -0.73m=s2 (0.26) -0.70m=s2 (0.16)
A� sd 0.79 (0.78) 0.82 (0.84) 0.70 (0.54)
W 17938.60 J (8124.08) 18093.94 J (8594.23) 17371.28 J (6113.59)

Table 5.2: Odense/Otterup clustering of trips
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Parameter Both Cluster 1 Cluster 2

Size 433 338 95
Energy 1.22kWh(0.25) 1.23kWh(0.24) 1.17kWh0.26)
Energy normalized 1.56 kWh(0.35) 1.58kWh(0.36) 1.49kWh(0.33)
V limit 28.34 % (19.37) 28.16 % (19.55) 29.01 % (18.78)
Vavg 76.87km=h (9.56) 76.56km=h (10.34) 77.96km=h (5.91)
Vsd 14.98 (5.16) 15.19 (5.52) 14.26 (3.52)
Asd 0.78 (0.51) 0.55 (0.20) 1.60 (0.10)
A+avg 0.59m=s2 (0.12) 0.58m=s2 (0.12) 0.62m=s2 (0.10)
A+sd 0.45 (0.15) 0.45 (0.15) 0.48 (0.15)
A� avg -0.70m=s2 (0.25) -0.60m=s2 (0.12) -1.07m=s2 (0.27)
A� sd 1.01 (1.05) 0.51 (0.30) 2.78 (0.76)
W 15536.28 J (5808.78) 14551.81 J (5387.96) 19038.92 J (5925.28)

Table 5.3: Esbjerg/Varde clustering of trips

5.6 Time

Hypothesis 5 The time of day, has an impact on the energy consumption due to various
congestion.

It is known that during peak hours there are more cars on the road network. Moreover, when
there are many cars on the roads, this a� ect the speed and acceleration. We will, therefore,
investigate how the energy consumption change during the day based on this assumption
about change in congestion. The result is seen in Fig.5.6. The graph shows that the energy
consumption varies between 40 (Wh

km ) during the day. As seen in Section 5.3the temperature has
a signi�cant impact on the energy consumption, and therefore the temperature is also included
in the graph.

5.7 Slope

Hypothesis 6 The slope of a road has an a� ect on energy consumption.

We believe that there is a correlation between the increase in energy consumption and the
increase in slope. In order to test this hypothesis we use our implementation of Approach 1.
In Fig. 5.7we see a linear correlation. We say that the hypothesis passes, despite the standard
deviation being large.

5.8 Derived Attributes Analysis

In Chapter 4we derived new attributes that contain information about, direction change, tra � c
signals, and roundabouts. In this section we analyze them, such that we can determine their
impact.
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5.8.1 Direction Change

Using this feature, we can �nd how much impact direction changes has. In Table 5.4we show
how di � erent angles impact the average energy consumption, which we have labeled straight,
right, left, and back. The table shows the average cost. Compared to the average energy
consumption for all directions, the direction seems to have a large impact on the average
energy consumption. Especially we see that right turns are cheap compared to the average
energy consumption. Based on this we assume it is a useful feature.

5.8.2 Tra� c Signals

Trips that are a� ected by one or more tra� c signals has an average energy consumption of
166:74Wh

km , opposed to 185:42Wh
km for trips that are not a � ected by tra� c signals. This di� erence is

a signi�cant, in Table 5.5we show additional information about energy consumption segments
with tra � c signals.

5.8.3 Roundabouts

In Table 5.6we show how the di � erent scenarios a� ect the energy consumption. It is interesting
to see how much a roundabout a� ects the energy consumption, especially driving into and out
of a roundabout e � ects the energy consumption greatly. As driving into a roundabout reduces
the energy consumption, this is because the driver should decelerate when approaching a
roundabout.

We also �nd that trips that are a � ected by one or more roundabouts on average uses 166:50Wh
km

opposed 179:31Wh
km for trips that are not a � ected by roundabouts. We conclude that roundabouts

are a good feature for energy consumption as it has a large impact as shown in Table 5.6.

Direction (Range) Average
(Wh

km )
Standard
Deviation
(Wh

km )

Variance
(Wh

km )
t(i) pairs

Right (80� � 100� ) 156.48 457.84 209.62 307522
Straight (350� � 10� ) 161.26 464.03 215.32 3222907

Left (260� � 280� ) 164.61 561.09 314.82 190707
Back (170� � 190� ) 387.65 1051.84 1106.36 85397

Table 5.4: Direction Impact

Tra� c Signal Average
(Wh

km )
Standard
Deviation
(Wh

km )

Variance
(Wh

km )
t(i) pairs

Start & End 354.16 455.50 207.48 231488
Start 297.25 284.95 81.19 599451
End 34.71 665.24 442.54 598650

Table 5.5: Tra� c Signal Impact
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Roundabout Location Average
(Wh

km )
Standard
Deviation
(Wh

km )

Variance
(Wh

km )
t(i) pairs

Start & End 219.27 247.26 61.14 533202
Start 327.40 237.36 56.34 231075
End 29.38 349.77 122.34 230712

Table 5.6: Roundabout Impact

5.9 Problem Statement

Based on our initiating problem in Section 1.2 we have investigated some hypotheses about
our problem, furthermore we have extended our data foundation in Chapter 4 to make a better
prediction of energy consumption. The results from this work are the basis for the updating of
our problem to the following problem statement.

Based on the data analysis we have found attributes that have an in�uence on the energy
consumption. Is it possible to accurately predict an energy consumption based on these
attributes for any arbitrary trip from point A to B, using machine intelligence techniques.

Furthermore, we have chosen to make some delimitation based on the initial analysis. We will
implement and test the elevation approaches 1 and 2 such that we can determine whether the
more detailed approach adds value to the predictions. The driving style will not be used for
predictions because the current �nding does not contribute to a signi�cant di � erence in energy
consumption.
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Method 6
The observations in our data are richly structured, i.e. the observations are associated with
segments. This association of the data is taken into consideration for the development of our
models. The objective is to predict an accurate energy consumption, for a new route based on
features and the available historical observations.

The set of observations that are associated with a segment varies in size. Some segments have
many observations, while others have few, or none. This association can be utilized, under the
assumption that associated observations depict the energy consumption more accurately.

Since there are segments without associated observations, we consider how to predict the
energy consumption on these. The energy consumption is given as a numerical value, this
value is know for all t(i) pairs. To predict a numerical value, we consider models from the
machine learning class “Regression”.

In Section 6.1the notation which is used for the models are presented. Section 6.2describes our
Linear Regression Model, while Section 6.3 describes our Neural Network approach. These
models are chosen on the premise that we are interested to see if features are independent. If
the features are not independent the Neural Network will perform better. We devise a strategy
to use the association between observations and segments in Section6.4. The construction of
features is described in Section6.5

6.1 Model Notation

In this section, we introduce the notation used to describe our models. We have a set of trips
T = ft1; : : : ;tng, and a set of segmentsS. Each trip t 2 T is a list of segments, t = (s1; : : : ;sn),
where eachs 2 S. A trip is represented as a list because the sequence of the segments, signi�es
the order of which they are traversed.

For a t 2 T we have a �nite number of t(i) pairs where i is i-th segment in the list t i.e. a trip on a
speci�c segment. For each of theset(i) pairs, there are a set of features. There are static features
which are bound to the segment, such as category, and speed-limit. While other features are
dynamic and depend on the speci�c t(i) pair, such as time, and weather. All features are for a
t(i) pair is given by the set F(t; i). The features are described in Section6.5. In addition to the
features, the t(i) pairs are also labeled with an energy consumption.

To retrieve all t(i) pairs for a given segment we have function fs : s ! t(i) such that
fs(s) = ft(i) j t 2 T ^ s 2 tgwhich returns a set of t(i) pairs that belongs to a given segment. This
set may be; as not all segments are traversed.
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6.2 Linear Regression Model

Linear regression is one of the most commonly used models. In this section, we describe a
multivariate linear regression model, and how the coe � cients can be learned.

For our linear model we introduce a feature vector x j for each of our t(i) pairs. The feature
vectors contain the values given by G(t; i).

x j =
h
time temperature : : : category speedlimit

i T
(6.1)

For each feature vector x j , we know the corresponding energy consumption ej . The vector of
all energy consumptions are represented ase. The function for linear multivariate regression is
then given by f (x j) = w0 +

P
i wix j;i . In this function the coe � cients we will learn are w0; : : : ;wn.

w0 stands out, and this is the intercept. To generalize the function, it is common to introduce
an attribute x j;0 for all examples which are always equal 1[ Russell et al., 1995] this allows us to
de�ne our function as the dot product of w and x j

f (x j) =
X

i

wix j;i = w � xj (6.2)

Given a vector of weights, we are interested the minimizing the loss. The loss is a measure
of how much our prediction f (xj ) deviates from the actual result ej . A commonly used loss
function is Mean Squared Error (MSE).

MSE =
1
n

X

j=1

(ej � w � x j)2 (6.3)

We show the dot product w �xj , to emphasize that the weights remain the same for each example
xj when we evaluate the loss. ej is the observed energy consumption for the features xj . Our
objective is to �nd the weights w � that minimizes the loss function.

w � = argmin
w

1
n

nX

j=1

(ej � w � xj )2 (6.4)

There are two common approaches for �nding w � , namely normal equation and Gradient
Descent (GD). Both approaches uses a gradient vector for the linear function. This vector is
composed of partial derivatives, as shown in Eq. ( 6.5).

r w MSE =

 
@MSE

w0
; : : : ;

@MSE
wn

! T

(6.5)

These derivatives describes our the slope of our loss function. Suppose we have a simple

function f (x) = x2, the derivative for this function is @f
@x x2 = 2x. This means for x = 2 the slope

is 2 � 2 = 4. We are interested in �nding r w MSE = 0, i.e. the a minimum of the loss function.

The normal equation approach to �nding r w MSE = 0 is analytical. In the normal equation the
weights w are isolated. Where the solution is given as w = (XTX)� 1XTe. Where X is a matrix of

34



all x j . The normal equation approach is analytical, however this approach does not scale with
many features and a large data set [Nielsen, 2015].

Instead we use the GD approach, where w � is approximated. In GD the gradient is used to
search for convergence by �nding the optimal weights. There are some di � erent methods rely
on GD to �nd the optimal weights. We will explain GD, and a modi�ed version called Stochastic
Gradient Descent (SGD). In GD the weights are updated using the following equation:

w  w� � r w

X

j

(ej � f (x j))2 (6.6)

In this equation r w
P

j(ej � f (x j))2 � r w MSE, we change the notation such that the summation
of all data is shown explicitly. The result is GD uses all data in each iteration to �nd the
weights. The learning rate is given by � , which determines the degree of the descent. A smaller
learning rate will increase the number of iterations that is required to �nd a minimum. While
a larger number can result in missing a minimum. As a result the choice of � is important for
convergence.

The second approach isSGDdi � ers from GD by updating the weights for each example xj from
our training examples.

w  w� � r w (ej � f (xj ))2 (6.7)

The steps that are taken in aSGDprocess are shown in Algorithm 3. First, the training examples
are shu� ed, such that the order of the examples are changed. Then each examplexj from the
shu� ed training examples is iterated, and the weights are updated.

Algorithm 3 Stochastic Gradient Descent

Input: Training Examples
Shu� e Training Examples
for x j in Training Examples do

w  w� � r w (ej � f (xj ))2

Output: w

An optimization for SGD is called momentum which keeps information from previous
iterations [ Ruder, 2016]. The momentum is added by constructing a new vector v with the
same dimensions asw. The purpose of momentum �nding a minimum in fewer iterations, by
using knowledge from previous iterations.

v = 
 v + � r w (ej � f (xj ))2

w  w � vt
(6.8)

Here 
 determines the signi�cance of the momentum. It is called the momentum term and the
value is commonly set to 0:9 [Ruder, 2016]. The value is in the range 
 2 (0; 1].

The di� erence in the two approachesGD and SGDmakes them suitable for di � erence purposes.
Our choice is SGD because our training examples are of a relatively large size.
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6.2.1 Feature Selection

For multivariate linear models, there is a concern of over-�tting where features that are
irrelevant can by chance appear to be useful. Some approaches can reduce over-�tting and as
a result enhance the generalization of the model.

One common strategy is a greedy approach in which di � erent combinations of features are
evaluated on a validation set. The best combinations of features are used on the test set.

Another popular method is Lasso Regularization, in which a regularization term is added to
the loss function, shown in Eq. ( 6.9)

1
n

X

j=1

(ej � w � x j)2 +
�
2

X

i=1

jwi jq (6.9)

Where � is the regularization coe� cient, which controls the impact of the loss function and the
regularization term. The lassois given by q, the lasso is commonly set to 1 or 2. Because we
our objective is feature selection, we chose lassoq = 1. Which drives the weights to 0, resulting
in a generalized model [ Bishop, 2006]. Once the model has been constructed we can review
the weights. Using the weights we can determine the impact of our features, if the weight has
been set to zero the feature does not have an impact.

For our Linear Model, we use SGD with momentum, and we use Lasso Regularization.

6.3 Neural Network

Neural Networks are di � erent from a linear regression because they have the capability to learn
dependencies between input variables. There are di� erent variations of Neural Networks. One
common variation is feed-forward neural networks. The objective of a feed-forward network
is to approximate a function y = f � (x; � ). In this setting, the values of the parameters � are
learned. The function maps the input x to a scalar output y. The x contains all the feature
values, and the y is the known energy consumption. The vector with our feature values is
referred to as the Input Layer, and the output is known as the Output Layer. In Fig. 6.1we show
an exemplary Neural Network with a Hidden Layerbetween in the Input and Output layers.
We have one output unit, as our Neural Network will predict one scalar value. There can be
any number of hidden layers in a network. The theory in the section is based on [ Goodfellow
et al., 2016; Nielsen, 2015].

Feed-forward networks are given this name as they are directed graphs with no cycles. Which
means all information is fed forward from the input x to the output ŷ, which is the predicted
energy consumption in our case. Typically a feed-forward neural network consists of several
functions composed together. For example the three functions f (1), f (2) and f (3) are combined
into a chain, each function is a layer. The number of functions there are in the chain is known
as the depth of the network. The chain is seen in Eq. (6.10) where the f (x) is the output and
f (1) is the �rst layer (input layer), f (2) is the second and so on. The �nal layer f (3) is the output
layer. Each layer between the input and output layer are called hidden layers.

f (x) = f (3)( f (2)( f (1)(x))) (6.10)
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Figure 6.1: Exemplary Neural Network with 4 inputs nodes, 1 hidden layer and 1 output node

In each layer, there are a number of units (neurons). The number of units is also called the
width. Each unit receives the inputs from the units in the preceding layer. The output of a
unit is calculated based on an activation function, the inputs, some learned weights, and a bias.
This is seen in Eq. (6.11) where the input to the activation function is z, wT are the weights, x
are the inputs and b is the bias. The output a from the unit is calculated using an activation
function a = g(z) where g is some activation function.

z = wTx + b (6.11)

This output from g(z) is used as the input to the next layer. The transmission between layers is
shown in Fig. 6.1where each units in each layer points to the each unit in the next layer. In our
model, the target is to predict a scalar value ŷ based on the input x; this means in our model
we have a single unit in the output layer. Our target is that the result from the output unit is
the mean energy consumption of the Gaussian distribution based on the inputs x.

Di � erent activation functions are used in neural networks. Activation functions are used for
the hidden layers and the output layer. For the output layer we use a linear activation function
which combines the units from the previously hidden layer into one output. The output of a
linear unit is given in Eq. ( 6.12) where a is the input from the layer before.

ŷ = wTa + b (6.12)

For the hidden layers, we use recti�er activation function which is widely used, because
learning a model with Recti�ed Linear Unit (ReLU) is fast [Goodfellow et al. , 2016]. The ReLU
is seen in Eq. (6.13) and plotted in Fig. 6.2. ReLU is zero for all z values below zero. A
potential problem for ReLU is when the activation is zero; then the unit can not be learned
using gradient-based methods. This problem can be solved using values above zero for the
bias when the Neural Network is initialized.

g(z) = maxf0; zg (6.13)

When the network is trained the objective is to match a function f (x) to the f � (x; � ). Each sample
in the training data includes the x and a know value y. For each sample, the function f � (x; � )
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Figure 6.2: ReLU
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must result in a value as close as possible to y. Based on the input and output the learning
algorithm is responsible for deciding how to use each layer to produce the expected output.

Neural networks are learned iteratively using a gradient-based optimizer where the target is
to minimize the result from a loss function, this means an important aspect for learning the
parameters w and b is to chose an appropriate loss function.

In our data, there is a large variation in the energy consumption for t; (i) pairs that belong to
the same segment. Because of this, we have chosen to useMean Absolute Error (MAE) as the
loss function. With this loss function, outliers in the data will have less in�uence on the �nal
model. MAE is de�ned in Eq. ( 6.14), where n is the number of samples.

MAE =
1
n

nX

i=1

jy � ŷj (6.14)

Before learning the model, the weights in the neural network are initialized assigned to random
values. The loss function is optimized using SGD which is described in Section 6.2. Because
there are multiple layers in a Neural Network and di � erence functions, the computation of the
gradient is di � erent. To compute gradient, we use a back-propagation algorithm. For each
sample in training set, the predicted value ŷ is calculated using the feed-forward procedure
based on the current weights and bias. After the feed-forward process, the back-propagation
is used for each sample to compute the gradient.

For referring to concrete weights, activation outputs and bias' in a neural network, we add a
new notation.

ˆ wl
jk is the weight from the k th unit in the ( j � 1)th layer to j th unit in the j th layer.

ˆ bl
j is the bias in the jth unit in the l th layer.

ˆ al
j is the activation in the j th unit in the l th layer.

In Fig. 6.3, we show a diagram where the notation is used. The al
j is the activation outputs from
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Figure 6.3: Neural Network with notation

the (l � 1) layer. al
j is given with the sum over all the units k in the (l � 1) layer. The formal

de�nition is given in Eq. ( 6.15).

al
j = g(

X

k

wl
jkal� 1

k + bl
j) (6.15)

Eq. (6.15) can be written as vector in Eq. (6.16)

al = g(w lal� 1 + b l) (6.16)

The idea of back-propagation is an expression to computing the partial derivative @L
@w and @L

@b
for the loss function L for any weight and bias in a neural network. The expression says how
fast the loss changes in relation to change of weights and biases.

To use back-propagation we make two assumptions about the loss function. The �rst
assumptions are that the function can be written as an average over individual training set
examples i.

This is the case forMAE . The total loss is L = 1
n

P
i Li and the loss for a single training example

is Li = jy � al j where al is the vector of activation outputs for l th layer. This is requried to
construct partial derivatives @Li

@w and @Li
@b . Then we can compute the total derivatives @L

@w and @L
@b

by averaging over training examples.

The second assumption is that we can �nd the loss as an output of the neural network, and this
is also the case forMAE where the de�nition for a single training set example can be written
as: L = jy � al j.

To calculate the @Li

@wl
jk

and @Li

@bl
j

we have to compute the loss � l
j . The � l

j is a little change to the z

which in�uence the overall loss. To compute the loss in the output layer � L the following in
Eq. (6.17).

� L
j =

@L

@al
j

g(zL
j ) (6.17)
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This can be written as a matrix for � L as in Eq. (6.18), using the Hadamard product of ( aL � y)
and g0(zL).

� L = (aL � y) � g0(zL) (6.18)

This expression will result in a small error if the loss does not depend much on the speci�c unit
j. The �rst part @L

@al
j

is compounded using the loss function. @L
@al

j
= (aL

j � y j). For the errors in the

following layers, the de�nition is seen in Eq. ( 6.19).

� L = ((wl+1)t � L� 1) � g0(zL) (6.19)

Using these two de�nitions for errors, the error � l can be computed for all layers in the network.
The rate of change for the bias is equal to the error. This rate of change is formally given in
Eq. (6.20).

� L
j =

@L

@bl
j

(6.20)

In the same way the rate of change in the weight is given by in Eq. ( 6.21). The computation of
� l

j and al� 1
k is already explained.

@L

@wl
jk

= al� 1
k � l

j (6.21)

Overall the back-propagation algorithm works as follows:

ˆ Initialize: Set the starting weights and bias.
ˆ Input: Input the features x to the input layer.
ˆ Feed-forward: For each layer calculate zl = w lal � 1 + b l and al = g(zl ).
ˆ Output error: Calculate the errors for the output layer � l = (al � y) � g0(zl ).
ˆ Back-propagate the error: For each layer from the output to the input calculated the error

using � L = ((wl+1)t � L� 1) � g0(zL).
ˆ Output: The gradients is calculated using @L

@wl
jk

= al� 1
k � l

j and @L
@bl

j
= � L

j .

Hyperparameter optimization is described in Section 7.2.

6.3.1 Regularization

Similar to most other models, Neural Network will �t too well to the training set especially
when the amount of data is large, this is called over-�tting and will potentially cause the model
to predict poorly on new samples. Over-�tting can be solved using di � erent approaches for
making the model more general.We have chosen two di � erent approaches in order to avoid
over-�tting.

The �rst approach is Early Stopping, and instead of trying to �nd the lowest loss on the training
set, the learning is stopped when the loss on the validation not are improved in some amount
of time. In other words, the model is continuously tested on the validation set the model is
stopped when there no improvements[ Goodfellow et al. , 2016].
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The second approach is dropouts. Dropouts will with a de�ned probability randomly disable
some units in the neural network when the network is trained. The disabled units will change
for each new sample. This will result in various models with di � erent amount of units are
trained. When the model is used on the test data, the output of each unit will be adjusted about
the probability. This method results in a model which are more robust to new data, and the
model will have lower tendency of over�tting [ Srivastava et al., 2014; Goodfellow et al. , 2016].

6.4 Combination of Model and Observations

In addition to the linear model and the neural network, we construct a method to include the
observations into our prediction ŷ.

As mentioned we have a variable number of observations linked to a segment, which can be
combined with a model. In other words, for the route that we are going to predict, we may have
some historical observations on some of the segments. We intend to include these observations
in our prediction. In Eq. ( 6.22) we show an equation that uses the observations. Where ŷ is the
combined result, n is the number of observations, x is the average energy consumption from
the observations, k is a learned weight, and m is the result from a model.

ŷ =
n

n + k
� x +

k
n + k

� m (6.22)

We have already a method to learn weights, namely SGD. We are going to apply to apply this
method for approximating the optimal k value. We use the loss function MSE in our SGD
to approximate k. The learned k will describe how much we will trust the prediction from a
model m and the average energy consumption for a segment x, depending on the number of
observations.

MSE =
1
n

X

t

(yt � ŷt)2 (6.23)

Where the yt is the actual energy consumption and ŷt is our prediction, from Eq. ( 6.22).

6.5 Feature Construction

In this section, we construct features from the variables that we have analyzed in Chapter 5.
We describe how each feature is constructed. The feature construction is necessary to make a
model for prediction energy consumption.

We construct each feature such that they belong to a t(i) pair. All the features for a t(i) pair will
be represented as a vector.

The features are divided into two groups, static features, and dynamic features. Features
that are from the segment of a t(i) pair are called static because they will remain the same,
independent of the trip. The dynamic features change according to the t(i) pair. An example
would be two di � erent t(i) pairs on driving in the same segment would have the same static
speed-limit while the actual speed is dynamic. In Table 6.1, and Table6.2the static and dynamic
features are listed, respectively.
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Label Type

Category Discrete
Slope Continuous
Zone Discrete

Region Discrete
Length Continuous

Table 6.1: Static Features

Label Type

Time of Day Discrete
Day of Week Discrete
Day of Year Discrete

Speed Continuous
Roundabout Discrete
Traffic Signal Discrete

Air Temperature Discrete
Direction Change Discrete

Table 6.2: Dynamic Features

6.5.1 Feature Scaling

We are working with features that contain outliers, for example, we know that the slope of a
segment is a small number, but there are some segments with a large slope. For this reason, we
standardize the slope, speed, and length. In Eq. (6.24) how standardization is performed. The
average value for a feature is given by �, while � is the variance. Thus for a new value x the
scaled value is given by x0.

x0 =
x � �

�
(6.24)

6.5.2 Static Features

Static Features an independent of the trip because they a related to a specific segment.

Length

The length is the total length of a segment from OSM. The unit of the length is in meters. The
features length is represented as a floating point in the feature vector as a one dimension vector.

Zone

As mentioned in Section 4.3 we have mapped all segments to City, Rural, Cottage, or Unknown
zones. This information is represented as a binary vector of length four.

Common for our representation of binary vectors is that 1 signifies membership, while 0
means absence of membership. As mentioned the binary vector for zone has four elements, in
Eq. (6.25) we show which element corresponds to to which zone.h

Citye1 Rurale2 Cottagee3 Unknowne4

i
(6.25)

For example, to represent that a t(i) is in rural zone the vector is [0; 1; 0; 0]. This representation
makes sense because there is no definition of closeness between two zones.

Slope

In Section 4.2.3 we showed how the slope found for the segments. We found that the slope has a
linear relationship with the energy consumption. Now we consider how the slope information
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should be included. In our project, we have chosen to only test Approach 1 and Approach 2.
How we construct the feature for each of them is described separately below.

Slope - Approach 1 In Approach 1 we found the slope for each segment. Each slope is a
numeric value. Because there is one numeric value per segment and the correlation with the
energy consumption is linear the feature is represented as a numeric value.

Slope - Approach 2 In approach 2 we divided segments into the sub-segments and found a
slope for each sub-segment. The number of sub-segments for each segment is not always the
same. As such we consider a how the information can be used. If we were to construct a feature
for each slope, we would have a disparity, and this will not work. Instead, we consider how
we can represent the information in a fixed number of features. Here we consider aggregating
information into an average slope and the standard deviation. We know the sign of the slope
is important, as such we also include the average and standard deviation for negative slopes
and positive slopes.

From these considerations, we construct the following features for slope.

1. Average for all slopes
2. Standard Deviation for all slopes
3. Average for all positive slopes
4. Standard Deviation for all positive slopes
5. Average for all negative slopes
6. Standard Deviation for all negative slopes

The attributes are chosen because they can express both the uphill and downhill slopes for the
sub-segments.

Each of these features is represented as a numeric value. If there is only one slope for a given
segment the standard deviations are set to 0. If a slope is negative the positive average is set to
0, and the other way around.

Region

As mentioned in Section 3.2, we have access to information about which region each segment
is in. There are five regions in Denmark, however 452 segments are not covered by a region.
For this we construct a binary feature vector.h

Nordjyllande1 Midtjyllande2 Syddanmarke3 Sjællande4 Hovedstadene5 Unknowne6

i
(6.26)

If a segment is not in a region they are represented as Unknown. For example if a segment in
not in a region it will be represented as [0; 0; 0; 0; 0; 1].

Category

From OSM we know that category of each segment. There is a total of 17 different categories.
We represent this knowledge as a binary feature.

h
Motorwaye1 MotorwayLinkse2 Trunke3 : : : Unpavede17

i
(6.27)
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The full list of categories is Motorway, Motorway Links, Trunk, Trunk Links, Primary, Primary
Links, Secondary, Secondary Links, Tertiary, Tertiary Links, Unclassified, Residential, Living
Street, Service, Road, Track, Unpaved.

6.5.3 Dynamic Features

The dynamic features are the features which change according to a given trip. For example,
time is dependent on when a trip started and how fast the driver is going on the trip. In this
subsection, we describe how we handle the dynamic features.

Time of Day

The time feature is special for our project, and it specifies when during the day the trip is taking
place. For each t(i) for a given trip t, we have a time key that specifies when the segment was
reached. Because we are emulating a real world setting, we only use the starting time of a trip.
Using the starting time we estimate the time that a t(i) will reach a segment. In Table 6.3 we
show an example of the actual times for a trip and the time we estimate.

The time estimate is calculated by taking the current time and adding the time it takes the
traverse the segment at the speed-limit for the segment, and we show this in Eq. (6.28).

t(i):timeestimate = t(i�1):timeestimate + t(i�1):length � t(i�1):speedlimit (6.28)

With the exception of the first t(i) pair where the time estimate is set to the actual start time of
the trip. For the purpose of the calculations the seconds are included, the seconds are not saved
for the estimate instead the time is rounded to the nearest minute. We round to the nearest
minute, s.t. the estimated time is similar to the actual time.

In the current state, our time feature is a discrete feature with 24 � 60 = 1440 possible values, i.e.
a value for each minute of the day.

Pair
Actual
Time

Estimated
Time

Actual
Speed
km=hr

Estimated
Speed
km=hr

Segment
Length

m

t(1) 14:56 14:56 22 50 30
t(2) 14:56 14:56 23 50 484
t(3) 14:58 14:56 30 50 142
t(4) 14:58 14:56 43 50 235
t(5) 14:58 14:56 64 80 2908
t(6) 15:01 14:58 68 80 733
t(7) 15:02 14:59 50 80 397
t(8) 15:02 14:59 59 80 293
t(9) 15:02 14:59 62 80 47
t(10) 15:02 14:59 63 80 201
t(11) 15:03 15:00 26 50 686

Table 6.3: An example from our data, showing the actual time for a trip and the time that has
been estimated.
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We represent time with two features, and these features are shown in Eq. (6.29). Using these
two features to represent time, we ensure that each minute receives a unique value. This
method is circular, and this means that it captures the gap between 23:59 and 00:00 [Bishop,
2006].

timecos(minute) = cos(2 � � �minute=1440) (6.29a)

timesin(minute) = sin(2 � � �minute=1440) (6.29b)

In Table 6.4 we show how the combination of timecos and timesin remains unique throughout
the minutes of a day, and how the the gap between 23:59 and 00:00 is captured.

Day of Week & Day of Year

We use the same approach for representing the day of the week, and day of the year as in the
time of day. Equation (6.29) is modified such that for the day of the week the value is divided
with seven instead of 1440, and for the day of the year, it is divided with 365.

Speed

For future trips we construct the speed feature as the speed limit for a segment. While we train
our model with the historical data, were we have access to the actual speed for a given t(i) pair.

HH:MM of Day timecos timesin

00:00 1 0
00:01 0.99999 0.00436
00:02 0.99996 0.00872

:::
06:00 0 1
06:01 -0.00436 0.99999
06:02 -0.00872 0.99996

:::
12:00 -1 0
12:01 -0.99999 -0.00436
12:02 -0.99996 -0.00872

:::
18:00 0 -1
18:01 0.00436 -0.99999
18:02 0.00872 -0.99996

:::
23:59 0.99999 -0.00436
00:00 1 0

Table 6.4: Values of timecos and timesin
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Roundabout

For a t(i) pair we know whether there is a roundabout at the beginning of the segment, or at the
end, or none. We can represent this information in a binary vector with two elements. Different
from the previous binary vectors, this vector can contain any combination of zeros and ones.

roundabout =
h
Beginning End

i
(6.30)

For example, a segment with roundabouts at the beginning and start would be represented as
[1; 1] while a segment without any roundabouts would be [0; 0].

Tra�c Signal

The traffic signal feature is modeled in the same way as the roundabout feature. For a t(i)
pair we if there is a traffic signal at the beginning and end of the segment. This information is
represented by a binary vector with two elements. This vector can contain any combination of
zeros and ones.

tra�csignal =
h
Beginning End

i
(6.31)

Direction Change

The direction change as a discrete value between 0 and 359. Where 0 represents going straight,
90 is right, 180. In our data analysis we found that several directions are only observed few
times. This means we should consider over-fitting, especially in our linear model. As a result
we have decided to group the direction changes into 4 distinct groups, namely Forward, Right,
Backward, and Left. We show this in Fig. 6.4, where forward is between [330��30�] , right
between (30��150�), backward between [150� � 210�], and left between (210��330�).

330� 30�

150�210�

Forward - 0�

Right - 90�Left - 270�

Backward - 180�

Figure 6.4: Different direction changes

This means we can store this information in a binary vector with 4 elements.
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Experiments 7
In this chapter, we consider the dataset used for experiments. How the hyperparameters for
the models is adjusted. The baselines that will be used for comparison to our models, and the
results from our experiments.

7.1 Data Set

We require three data sets, namely a training, validation, and test set. We include a validation
set such that we can adjust hyper-parameters of our models.

A common approach is to put trips into training, validation and test sets randomly. This
method means we would pay no attention to the fact that we want to emulate future trips. As
the training, validation and test sets would possibly contain trips from all periods of time. A
better approach to do this with respect to the problem statement would be to split the dataset by
date and time. Then our training set can be considered as historical data, while the validation
and test set as future data. This approach would emulate a real world setting closely. Our
choice is the second approach because it emulates a real world setting.

Our data-set includes 247 832 trips which consist of 159 913 546 observations. We do not use
the individual observations directly but instead an aggregated value for each t(i) pair. The data
set includes 13 166 073 t(i) pairs over 197 437 segments.

The dataset is split up into a training set, validation set, and test set as follows:

Training Set Samples used to learn a model. (198 266 trips 80%)
Validation Set Samples used to adjustment the model. (12 488 trips 5%)
Test Set Samples used to evaluate the model. (37 078 trips 15%)

This split ratio is commonly used, the training set is larger such that the model becomes more
robust.

Emulating the real world setting as close as possible will give a larger trustworthiness of
the predictions. As mentioned earlier in Section 3.4 only a subset of the road network has
observations. Therefore consider that our validation and test set should include segments
without observations. As shown in the Section 5.3 the energy consumption varies in different
seasons, due to the temperature. Therefore our sets must be representative of the seasons, and
this has we ensured by splitting on the following ranges.

Training Set From 01-04-2012 to 01-06-2013
Validation Set From 01-06-2013 to 26-05-2014
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Test Set From 01-06-2013 to 26-05-2014

While the validation and test cover the same period, they do not contain the same trips. In
other words, we first split our data into training and test sets. Then from the test set, we
randomly take 12 488 trips and use these for our validation set. In this approach our validation
set is representative of our problem, allowing us to perform our hyper-parameters adjustment
using the validation set. From the above-described split, we validate that our validation set
includes 6724 segments which are not a part of the training set while the test set contains 11 939
segments which are not.

7.2 Hyper-parameter optimization

The hyperparameters for the neural network used in our experiments is found using a random
search approach because it is an efficient way for hyperparameter optimization [Bergstra and
Bengio, 2012]. The random search is done on only a subset of the training set (1000000 samples)
and the full validation set.

In the random search the following hyper-parameter are adjusted:

� Number of hidden layers
� Number of units in each layer
� Learning rate
� Momentum

Based on the result of the random search our neural network has the following values:

� Number of hidden layers: 1
� Number of units in each layer: 125
� Learning rate: 0.01
� Momentum: 0.83
� Initial bias: 0.2
� Initial wights: random
� Dropout: 0.5

Initial bias, initial weights, and dropout are selected based on our knowledge and the selected
activation function.

For the linear regression, we have manual try to adjust the hyper-parameter and evaluate them
on the validation set. It is led to the following parameters:

� � for L1 Regularization: 0.003
� Learning Late: 0.001
� Momentum: 0.90

7.3 Baselines for Comparison

In this section, we construct three baselines. The purpose for these baselines is to determine
how well our models perform.
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We consider the following three baselines.

Average 166:2Wh
km based on the training set we find the average energy consumption for all

segments.
Peugeot 106Wh

km The energy consumption specified by [Peugeot, 2017].
Category The average energy consumption for all categories based on the training, the values

are shown in Table 7.1.

7.4 Evaluation Measures

In this section we consider different evaluation measures. The predictions are performed for
each t(i) pair, the evaluation is performed on the aggregated energy consumption for all t(i) paris
in a trip t. In our data there are trips of many different lengths, which results in vastly different
energy consumptions. Because of the high variation, the focus will be on scale-independent
metrics. We chose to use two measures namely Mean Absolute Percentage Error (MAPE) and
Symmetric Mean Absolute Percentage Error (sMAPE), shown in Eq. (7.1) and Eq. (7.2). Where
n is the total number of samples in the test set, ai is the actual value and pi is the predicted value
for each sample. MAPE is sensitive to outliers, i.e. if a the actual energy consumption is near
zero [Hyndman and Koehler, 2006], and our prediction is a larger number the error becomes
large, as shown in Eq. (7.3). For this reason sMAPE is included, as outliers can not be penalized

Category

Average
Energy

Consumption
(Wh

km )

Road 278.17
Tertiary Link 276.83
Living Street 269.74

Service 223.60
Residential 197.75
Unclassified 170.27

Unpaved 173.88
Trunk 167.34

Motorway 164.45
Primary 161.31
Tertiary 157.69

Track 154.33
Secondary 152.86

Motorway Links 130.85
Primary Links 96.73

Trunk Link 82.99
Secondary Links 63.22

Table 7.1: Average energy consumption for category sorted by energy consumption.
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more than 200%.

MAPE =
100%

n

nX
i=1

�����ai � pi

ai

����� (7.1)

sMAPE =
100%

n

nX
i=1

jpi � aij
(jaij + jpij)=2

(7.2)

100%
1

������0:09 � 2
�0:09

����� = 2322:2% (7.3)

Using this combination of measures, we are able to identify outliers with MAPE, while
sMAPE provides a general indication. It is noteworthy that sMAPE, despite the name, is
not symmetrical. It is not symmetrical because it does not treat over- and underestimations the
same, underestimations are penalized by a slighter higher percentage.

7.5 Results

The results are shown and interpreted in this section. First a brief evaluating of the baselines
are shown. Then we evaluate the quality of our features. Lastly, we evaluate the performance
of the methods, to find in which areas the performance is best, and which it is lacking.

7.5.1 Baseline

As mentioned in Section 7.3 we will compare our results with three different baselines. The
baselines are evaluated on the test set, and the results are shown in Table 7.2. The values
in parentheses are sMAPE and the other values are MAPE. For all trips, we that MAPE
and sMAPE are different for “Mean” and “Category” while they remain nearly the same
for ’Peugeot’. Because the values are different for Mean and Category, we can determine that
are some outliers which increase the percentage error. While the higher sMAPE for Peugeot
is expected as the energy consumption is very low which causes underestimations. This
tendency of underestimation is present for all trip lengths for Peugeot. The Category has the
best performance of the three baselines.

7.5.2 Features Evaluation

We have constructed some features, in this section, we examine the quality of these features.
We have already shown in Chapter 5 that there are many factors which impact the energy

Name All Trips Trips over 2 km Trips over 10 km

Peugeot 55.02% (55.20%) 43.26% (50.59%) 34.37% (43.10%)
Mean 53.23% (32.46%) 34.45% (27.21%) 20.07% (19.13%)
Category 55.22% (31.80%) 34.77% (26.89%) 19.30% (18.90%)

Table 7.2: Baselines Performance
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consumption. We show how the features impact the models. For the feature evaluation, we
use our models.

We begin by using Linear Regression with L1 regularization. The L1 regularization tends to
produce sparse coefficients, which means it sets coefficients to zero. The coefficients of features
which are set to zero have no impact. With this knowledge, we can determine which features
contribute to the prediction. We find that the following features contribute to the prediction.

� Category
� Zone
� Region
� Direction Change
� Roundabouts
� Slope
� Day of year
� Traffic signal
� Speed-limit
� Temperature

The features which have a zero weight are the following:

� Historical average energy
� Number of historical observations
� Time
� Day of week

We anticipated that the Linear Regression would not improve using a historical average energy
consumption as this feature is sparse. It is sparse as we do not have observations for all
segments. Thus segments without observations have no average energy consumption. The
same case is true for the number of historical observations.

Time of day and day of the week have no impact on the Linear Regression. In Fig. 7.1, we
show the average energy consumption during the week and the day. From the figure, we see
that the average energy consumption during the week is almost stable. In contrast, the energy
consumption over time of day has a large fluctuation. However, fluctuation remains around
the same energy consumption. Because the energy consumptions are stable, it is sensible that
they do not impact the result.

We have tested different combination of features with the same hyper-parameters in our Neural
network. Despite the hyper-parameters remaining the same, we assume the results are valid
indicators of which features provide an impact. In Table 7.3 the combination of features is
shown, the features which are not shown in the table are always included. The values in
parentheses are sMAPE and the other values are MAPE. The first model in the table is NN1,
which will be our reference model. It is used as the reference because it contains all features,
except actual time and speed, and slope 2. We are then able to see the effect of using the actual
time and speed, and a richer notation of slope by using these features in other models.

In NN2, our direction change feature is omitted. Contrary to our analysis, the direction change
feature does not improve the performance of the model. Upon reviewing the direction change
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Figure 7.1: Energy consumption for time and day of week
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NN1
46.41%

(30.59%)
30.75%

(24.83%)
19.04%

(17.97%) 3 5 3 3 5 5 3 3 3 3

NN2
46.93%

(30.32%)
30.59%

(24.85%)
18.21%

(17.36%) 3 5 3 3 5 5 3 3 3 5

NN3
48.07%

(30.74%)
31.35%

(25.26%)
19.56%

(18.51%) 3 5 3 3 5 5 5 3 3 3

NN4
46.17%

(31.03%)
30.36%

(25.20%)
18.79%

(17.66%) 3 5 3 3 5 5 3 5 3 3

NN5
47.06%

(32.61%)
32.04%

(26.70%)
19.67%

(18.86%) 5 5 3 3 5 5 3 3 3 3

NN6
45.60%

(31.21%)
30.15%

(25.15%)
18.47%

(17.67%) 3 5 3 3 5 5 3 3 5 3

NN7
44.71%

(32.59%)
30.01%

(26.46%)
17.99%

(18.21%) 5 3 3 3 5 5 3 3 3 3

NN8
41.70%

(33.59%)
28.77%

(27.47%)
16.97%

(18.68%) 3 5 5 5 3 3 3 3 3 3

NN9
42.05%

(32.72%)
28.48%

(26.59%)
16.37%

(17.59%) 5 3 5 5 3 3 3 3 3 3

Table 7.3: Combination of Features for Evaluation
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feature, we find that the direction of the last t(i) pair in each trip is set to 0. Because it is set to
0, the feature is set to be a forward direction. Instead, it should have been a separate direction
change, such that it could have been labeled as ’End’.

The roundabout feature provides an increase in performance, by removing it in NN3 the overall
MAPE increases by ~1.3%.

MAPE for Traffic signal in NN4 is slightly increased. Our presumption was that traffic signal
information would improve the prediction. In Fig. 7.2 we show the variance is significantly
higher when there a traffic signal at the end of a segment. In addition to the variance, the
distribution is multimodal. The distribution is multimodal on segments with traffic signals
at the end because there are three distinct possibilities at a traffic signal; A driver makes a
green light he does not stop; A driver stops completely for a red light causing a regenerative
deceleration; A driver slows down while waiting for a green light without stopping. This
multimodal distribution makes it difficult predict segments with traffic signals at the end.

Against our expectations, the temperature does not increase the performance seen in NN6. We
suspect this is caused by a high variance in energy consumption for temperatures. This is seen
in Fig. 5.3. The high variance makes it difficult to makes a good prediction. Another factor
may be that the Neural Network makes better use of the day of year feature, and can catch the
change in temperature and weather.

As expected the slope improves the performance, as NN5 without slope information has an
increase in error. In addition the more detailed slope 2 in NN7 improves the MAPE significantly.
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Figure 7.2: Distribution of energy with and without traffic signals
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In NN8 and NN9 MAPE is improved. This improvement means the actual speed and time is
better than our predicted values. For the total value, it seems that NN8 is better than NN9. This
result is probably caused by high variance in energy consumption especially when the speed
is low as seen in Section 5.1. For longer trips, NN9 performs the best.

We consider NN7 to be our best Neural Network as NN8 and NN9 uses features we consider
to be unavailable.

7.5.3 Performance Evaluation

In this section will we examine the performance of our three models performs. It is the
following models; Linear Regression (LR) using all our features and L1 regularization; The
neural network with the best MAPE NN7; A combination of the NN7 and our observations
called NN-Observations. We have used the validation set to learn the value k as described in
Section 6.4. The resulting k value is 24:4742. With this k value the observations and the model
prediction are weighted as seen in Fig. 7.3. When we have 35 observations for a segment, the
observations and prediction are weighted equally.
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Figure 7.3: Weights in Linear combination

The overall results for each of the model is shown in Table 7.4. The values in parentheses
are sMAPE, the other values are MAPE. The LR model has a high MAPE when compared to
NN7 (NN), however the sMAPE is lower. From the results we see that NN performs worse
on shorter trips. NN-Observations is our Neural Network combined with observations. This
combination outperforms the two other models.

In Fig. 7.4 we show how the models predict for all trips. In the figures, the predicted energy
consumption is compared to the actual energy consumption. We see that Mean & Category
predictions are distributed around the diagonal evenly. This behavior is expected as they
represent the total average energy consumption and the average for categories, respectively.
We see that Peugeot underestimates the energy consumption on the majority of trips.
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