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Abstract

Almost half of the energy consumption in the EU originates from heating and cool-
ing of buildings. The European Commission states that smart control of building
systems may reduce the energy consumption. Cloud based smart control or even
advanced fault-detection systems are becoming more common and should work for
any building in the world. These systems need to receive data from the physical
buildings which are commonly managed by a Building Management System, BMS.
Today, when connecting an advanced control or analysis system to a buildings’
BMS is a manual process, more or less, which is time consuming and error prone.
Therefore, it would be beneficial if this process could be automated. This thesis
aimed to find machine learning methods that had the potential to be used to fully-
or semi-automate the connection process.

By implementing and evaluating models of three machine learning methods, ran-
dom forest, gradient boosting and neural network, we aimed to find some method
able of labelling time series data into a fixed classification system with a preci-
sion of 80% or higher. The solutions were tested on three data sets with different
complexity and we could show that for a set with low complexity it is possible to
achieve perfect classification, i.e. accuracy of 100%. For the more complex sets ac-
curacy decreased to roughly 60% and a fully automated solution from these models
would not perform good enough. However, the probability that the correct class was
among the top five predictions of the models remained high and therefore they could
be used in a semi-automated connection process.

Overfitting was an extensive problem when classifying signals, especially for ran-
dom forest and gradient boosting models. We believe this is partly due to the data
being too homogeneous and the situation could be improved by including data from
additional buildings. The problems with overfitting could be seen most clearly when
models were trained and tested on data from different buildings. In this case, random
forest and gradient boosting models were clearly outperformed by neural network
models that still scored about 60% accuracy without any overfitting.
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We also attempted to group signals by equipment type. This was done via support
vector machines and a string comparison method. The support vector machine so-
lution was only possible to deploy on the least complex data set, but performed well
with an accuracy of over 85%. To implement this solution on more complex data
sets more knowledge about the system is needed. The string comparison method
proved that much information could be gathered from the correlations in the signal
names and paths. Nevertheless, it was hard to come to any general conclusions from
this since data from only one BMS was used. We believe that the string comparison
could give good results in combination with other methods.
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Partition of work and
delimitations

For this thesis the ambition was to find methods capable of solving both the classi-
fication and association problem. Therefore a handful of machine learning methods
were investigated and many tuning aspects were considered for each method. The
thesis is therefore a wide study of potential solutions rather than a narrow search of
optimal design and optimal parameters for a specific method.

In this thesis the machine learning methods random forest, gradient boosting and
neural network was utilised for the classification problem. The first two methods has
primarily been investigated by Christine Sjölander while the latter has been Anna
Åberg’s responsibility. For the association problem a solution with support vector
machines was mainly implemented and tested by Anna Åberg. Christine Sjölander
was responsible for the string comparison method that was also implemented for
the association problem. Further on Christine Sjölander had a greater responsibility
for the preprocessing of data while Anna Åberg primarily focused on the design and
implementation of feature extraction.

7





Nomenclature

Association problem The challenge of automatically telling if signals belong to
the same equipment or not

Batch A set of windows

BMS Building Management System

Classification problem The challenge of automatically telling which type, i.e.
room temperature or air pressure, a signal is

Data set A full set of signals including training, test and evaluation set

Epoch One training cycle where the model has trained on all available training
examples

Individual One example in a data set, i.e. a part of an entire measurement of a
signal that spans over a fixed time range. See window

Measurement point A sensor or the measurements from this sensor. A measure-
ment point may generate many individuals.

Method General algorithms such as random forest or neural networks, not a spe-
cific design for these.

Model One specific implementation of a method with a fixed set of parameters

Signal The time series data associated with one unique measurement point

Signal type The class label of a signal

Signal name The name of the measurement point in the BMS

Signal path The signal path within the BMS. Not including signal name

Structure A part of the options for a model, especially used for neural network
models referring to number of layers and neurons
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Window Each signal is divided into several time frames of fixed length denoted as
windows
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1
Introduction

1.1 Background

Heating and cooling accounts for half of the energy consumption in the EU where
84% of this energy originate in fossil fuels [European Commission, 2016]. The
European Commission mentions both improved choice of materials, construction
and new heating and cooling equipment in buildings as ways to reduce the energy
consumption. They also state that [European Commission, 2016]:

Energy use can also be cut by providing better information and control
of energy use with intelligent thermostats. They can turn heating off
when the set temperature is reached, or even switch off when there is
nobody in the building, in particular office buildings.

This is also explained by industry supervisor Oskar Nilsson who also emphasises
that the use of intelligent systems for control and analysis can enable large energy
savings. For the energy saving to also become cost efficient quickly these systems
rely on ease of deployment. Larger buildings are usually equipped with a BMS that
receives its data from components located within the building. An emerging trend is
connecting BMSs to services hosted in the cloud such as advanced fault-detection,
building energy dashboard or other analytic functions. In Figure 1.1 the coupling
between such analysis system and different BMSs is depicted. The cloud services
are independent of where in the world the building is located and only depend on
a stream of building data. Sensor readings and names for sensors can be remotely
accessed from the BMS but naming varies between countries, building owners and
system vendors. This presents an issue when it comes to quickly connecting a build-
ing to a cloud hosted service.

Today connecting the BMS and the analytic system is a more or less manual labour
[Hong et al., 2015b]. A large building with thousands of signals and possibly an
unpleasant naming could take many days of work to connect. Obviously, the process
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Chapter 1. Introduction

Figure 1.1 Buildings with different BMS connected to the same analysis system is pre-
sented in blue and green. The analysis system needs to understand the data gathered from the
BMSs.

Figure 1.2 From left to right we see data from the BMS, such as a time series measurement,
entering some kind of solution implementing for instance machine learning methods. This
solution then outputs that the type of the signal is of type "Outlet water temperature" and that
it belongs to the system "Boiler 3" in the building.

is cumbersome, time consuming and error prone hence it would be preferable to
automate this process. This thesis therefore aims to investigate methods that could
simplify and possibly automate the connection process. This process can be divided
into two major subproblems that here on will be referred to as the classification
problem and the association problem. The optimal solution would decide both the
type of signal and to which system, in the building, it belongs to by only processing
data from the BMS as depicted in Figure 1.2.

1.2 Problem description

First, assume that there is a set of 100 signals. All these signals belong to one of
three types or classes and for every signal there is some data (excluding the class
of which it belongs to). The aim of classification is to find a method that can tell
which class a specific signal belongs to only by "looking at" the measured data. The
data can include time series measurements from a sensor or metadata e.g. the name
of the signal. One could be tempted to only use the signal name but since naming
conventions vary between countries and even building owners this might not be as
straight forward as one would anticipate [Hong et al., 2015b; Hong et al., 2015a]. An
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1.2 Problem description

Figure 1.3 An example of an air-handling unit in USA, the signal path and name are pre-
sented for the circled measurement point.

Figure 1.4 An example of an air-handling unit in Sweden, the signal path and name are
presented for the circled measurement point. Notice that the same signal would in a US
naming convention be very different, see Figure 1.3.

example of different naming conventions is presented in Figure 1.3 and Figure 1.4
where in the American BMS a measurement point would be called Return_ Air_
Temp while in the equivalent in the Swedish system would be 02-TAFA20-GT72.
These are obviously different and are just two examples of naming conventions in
Sweden and USA. If different naming conventions only within the United States are
regarded the issue as well will become even clearer. Here follow three examples of
names for the same kind of temperature sensor; Zone Temp, RMT and ART [Hong
et al., 2015b]. Without knowledge of all naming conventions it might be hard to
automatically from the name of a measurement point decide which class it might
belong to.
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Chapter 1. Introduction

For the specific problem handled in this project we aimed to work towards the way
KGS Buildings1 classifies signals. KGS Buildings specialises in automated fault-
detection and diagnostics on BMS systems and therefore it is of interest to inves-
tigate if signals automatically can be classified to their classification system. They
have about 1300 classes but we will only work with a data set containing 53 of
these. Important to notice is that some of the 1300 classes are overlapping due to
development of systems and some of the signals, that rightly should be classified
as different, are under normal circumstances impossible to separate into different
classes from time series data.

In a BMS there are many signals and some belong to the same subsystem or equip-
ment. An equipment can be an air-handling unit in a ventilation system (such as
those seen in Figure 1.3 and Figure 1.4) or simply all sensors found in a physical
room. Optimally, one would not only be able to tell different signal types apart from
data but also tell which of them belong to the same equipment. This is the definition
of the association problem in this thesis.

Also for the association problem it might be tempting to use the information in the
path. A path of a signal may hold information of which system the measurement
point belongs to and we find two examples in Figure 1.4 and Figure 1.3. The way
of naming or creating paths also lack worldwide standardisation. For the American
one, found in Figure 1.3 the path is:

Server 1/Servers/AS-3C1/BACnet Interface/MSTP Network ERV1/
pCOnet32451_«4»_01/Application

while in the Swedish system the path, found in Figure 1.4, would be;

Vasakronan MHC/Servers/0710_Plan_0/IO Bus/23_UI-16/

The measurement points originate from different buildings and the paths are there-
fore not describe in the same building. What can be noticed is although that the
Swedish path starts off with the name of the building while the American one obvi-
ously refers to a server instead. This poses a similar difficulty as for the classification
problem.

At hand for this part of the problem there are only five different types of equipment
from the data set classified into KGS Buildings’ system. Finally, it is assumed that
all signals are correctly classified into each class before the association is tackled,
i.e. it is assumed that the correct class of the measurement point is known in the
association problem.

1 http://www.kgsbuildings.com/
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1.3 Thesis objective

A perfect method would connect all signals correctly for all buildings in the world
but 100% accuracy is usually not possible to achieve [Hong et al., 2015b; Hong
et al., 2015a; Balaji et al., 2015]. Instead supervisor Oskar Nilsson explains that
methods that have an accuracy of at least 80% for 80% of all buildings would be
good enough to use for automation of the coupling. A lower accuracy for fewer
buildings would probably mean that it is more effective to perform this manually.

1.3 Thesis objective

The primary objective of this thesis is to find methods capable of solving the classifi-
cation and association problem described in section 1.2. Thus, the variety of signals
are meant to be classified into predetermined categories and then grouped regarding
the equipment they belong to.

1.4 Data sets

A few things need to be considered when evaluating the quality of a data set. First,
the number of measurement points of each type within the set. Each measurement
point will be a little different from the others due to the exact physical location of the
sensor and the unique noise in the sensor. Many points, with unique characteristics,
will therefore prevent the solution from basing its decisions on location- or noise-
specific behaviour. Secondly, the number of examples that can be extracted from the
measurement points. Every example will differs slightly and many examples will
generally provide the solution with more information as it is learning how to make
its decisions. The number of possible examples is primarily affected by the time
over which the signals are measured as well as how many missing measurements
there are. Third, if the data is measured over a long time period. If this is the case,
seasonal behaviour in the measurements will be included and the solution will not
be seasonally dependent. Finally, it is necessary to study how skew the distribution
of examples is between classes. If there are extremely many measurements of one
class and few of another, the solution will appear to perform well simply selecting
the most common class, whether it is correct or not. It will also be provided with
better and more diverse information on the frequently measured class. Below, a brief
description of the three data sets available and used in this thesis is found.

Data set A consists of measurements from 255 different sensors collected from 51
rooms on 4 different floors in an office Building [Hong et al., 2017]. Each
room is equipped with five sensors, one for; humidity, light, carbon dioxide,
attendance (a passive infrared sensor) called PIR, and finally one for tem-
perature as can be seen in Table 1.1. The data set spans over 7 days and in
general every signal is sampled every 15 minutes during this period. There are
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Chapter 1. Introduction

Figure 1.5 The 255 measured signals in data set A are each marked in blue when there is
data and in yellow when data is missing.

some abnormalities in the measurements: There are missing measurements at
sometimes, which can be seen in Figure 1.5. Clear from the figure is that some
of the signals only span over 3 days. It should also be noted that the signal
path and name was not the original one. This meant that the names and paths
used in the BMS, from where the signals originated, was not available and
instead a simple naming standard was introduced including the room number
as path and the type of signal as the name.

Data set B consists of three different BMSs in three different buildings [Hong et
al., 2015b]. The buildings are managed by different BMSs. Building 1 uses
a system from Trane, Building 2 one from Siemens and Building 3 a system
designed by Barrington Controls. All signals are sorted into one of 34 classes
and the occurrence of each signal type in the three buildings are presented in
Table 1.2, the type names are gathered from [Hong et al., 2015b].

Data set C consists of 129 signals measured over 2 to 3 years. The data origins
from a Schneider Electric building in Boston that has been part of various
research projects. The data has been stored for different purposes and the
full data set contains some larger gaps which can be seen in Figure 1.7. All
signals belong to one of 53 classes and in Table 1.3 the occurrence of each
signal type is presented. The signals also belong to subsystems or equipment
in the building. There are five different types of subsystems and in total 33
different equipment. In Table 1.4 all classes that are found in each equipment
are presented and in Table 1.5 and all signal classes that might be found in an
equipment type are presented. The classification system used for this data set
is the one of KGS Buildings mentioned in section 1.1.
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1.4 Data sets

Table 1.1 Occurrence of different signal types in data set A.

occurrence of signals in data set A
Classification number Signal name Number of measured signals

1 CO2 concentration 51
2 Room Air Humidity 51
3 Luminosity 51
4 PIR Motion Sensor 51
5 Room Temperature 51

Figure 1.6 The measured signals in data set B are each marked in blue when there is data
and in yellow when data is missing. Each building is presented separately.

Figure 1.7 The 163 measured signals in data set C are each marked in blue when there is
data and in yellow when data is missing. The data has over periods been logged for different
purposes.
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Chapter 1. Introduction

Table 1.2 Occurrence of different signal types in data set B.

occurrence of signals in data set B
Classification number Signal type Number of measured signals

Building 1 Building 2 Building 3
1 co2 16 52 0
2 air flow volume 14 172 9
3 air humidity 54 52 0
4 occupancy 25 25 0
5 room air temperature 159 231 207
6 facility operation status 59 58 41
7 setpoint 14 486 229
8 cold water return temperature 15 4 9
9 cold water supply temperature 18 6 1
10 hot water return temperature 15 1 1
11 hot water supply temperature 27 1 1
12 supply air temperature 2 17 3
13 return air temperature 6 2 4
14 mixed air temperature 5 2 3
15 ice Tank enter temperature 1 2 0
16 ice Tank leave temperature 1 6 0
17 control point 0 0 403
18 valve position 0 0 1
19 air pressure 0 0 215
20 fan speed 0 0 5
21 timer 0 0 16

1.5 Previous work

There is abundant research on general classification problems but for the specific
case of building data much less has been published. The most relevant articles are
the following. For the classification problem, one approach is to try to minimise the
number of correctly labelled examples a solution needs from a system for the solu-
tion to be able to classify the others correctly from metadata. In [Balaji et al., 2015]
a so-called active-learning method is proposed for classifying and naming signals
or measurements points according to conventions. This paper is based on data from
four different buildings and an average accuracy of 98% is achieved while using
28% less labelled examples compared to a method based on regular expressions.
The solution utilises hierarchical clustering and groups measurement points with
similar metadata. It is deemed to perform well for the association problem in build-
ings that have well labelled measurement points but poorly for those buildings that
were lacking data or had metadata that did not contain enough information.

In [Hong et al., 2015a] another approach is used. Here the method instead aimed
to classify all signals automatically by implementing a feature based random forest
solution. Accuracy within buildings are measured to 92% and 82% across buildings.
One of the two buildings used in the paper is the same as in Data set A, however they
use data from six different sensors where three are the same as in Data set A. In the
paper, Hong et al. also aimed to find what examples were misclassified. Their solu-
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1.5 Previous work

Table 1.3 Occurrence of different signal types in data set C.

occurrence of signals in data set C
Classification number Signal type Number of measured signals

1 WaterPressure 4
2 OutdoorAirTemp 4
3 OutdoorAirRH 1
4 CHW1LoopSupplyTemp 1
5 EvaporatorOutletWaterTemp 2
6 ChillerStatus 2
7 EvaporatorInletWaterTemp 2
8 ValvePosition 1
9 CHW1LoopReturnTemp 1

10 CoolingCoilDischargeAirTemp 2
11 CompressorRun 5
12 CompressorStage2Run 3
13 CompressorPartLoadFraction 3
14 ExhaustAirTemp 3
15 ExhaustFanSpeed 3
16 HeatingGasFireValve 3
17 HRExhaustInletAirTemp 3
18 SupplyAirRH 3
19 SupplyAirTemp 5
20 SupplyFanSpeed 5
21 SupplyFanRun 1
22 ExhaustFanRun 3
23 ExhaustFanStatus 3
24 ExhaustAirDamper 2
25 SupplyFanStatus 1
26 RoomAirTemp 9
27 EconomizerStatus 2
28 OutdoorAirFlow 2
29 RoomAirCoolingTempSetpt 2
30 ReturnAirTemp 2
31 RoomAirHeatingTempSetpt 1
32 PumpStatus 2
33 HW1LoopDiffPressure 1
34 HW1LoopDiffPressureSetpt 1
35 PumpRun 2
36 PumpSpeed 2
37 HW1LoopReturnTemp 1
38 HW1LoopFlow 1
39 HW1LoopSupplyTemp 1
40 HeatingPlantEnable 1
41 ZoneSupplyFanRun 5
42 ZoneSupplyFanStatus 5
43 RoomAirCO2 3
44 ZoneSupplyAirFlow 2
45 ZoneSupplyDamperFeedback 2
46 ZoneSupplyAirTemp 2
47 ZoneSupplyAirVelocityPressure 2
48 ZoneCompressorRun 3
49 ZoneHeatingElectricCoil 3
50 CoolingTowerSumpTemp 1
51 CoolingTowerInletWaterTemp 1
52 BuildingCHWCoolingRate 1
53 RoomAirRH 3
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Chapter 1. Introduction

Table 1.4 For each equipment the equipment type as well as the signal classes that can be
found in the equipment is stated. Data from data set C

Signal classes in each equipment in data set C
Equipment Equipment type Signal classes in equipment
BOC General Conditions 5 52
BOC Utility Consumption 4 1, 4, 8, 9
Boiler 1 1 5, 6 ,7
Boiler 2 1 5, 6, 7
Boiler 3 1 22, 23
CAV-1_ 17 3 2, 14, 15, 17, 18, 19, 20
CAV-1_ 1.10 3 10, 11, 12, 13
CAV-1_ 1.11 3 16
CAV-1_ 1.12 3 2, 14, 15, 17, 18, 19, 20
CAV-1_ 25 3 11, 12, 13
CAV-1_ 26 3 16
CAV-1_ 2.10 3 2, 14, 15, 17, 18, 19, 20
CAV-2_ 1.08 3 10, 11, 12, 13
CAV-2_ 1.09 3 16
CAV-2_ 2.09 3 41, 42, 43, 44, 45, 46, 47
CAV-2_ 3.05 3 43
CAV-2_ 3.06 3 41, 42, 43, 44, 45, 46, 47
CAV-3_ 1.10 3 50, 51
CAV-5_ 3.04 3 22, 23, 24
CAV-6_ 3.05 3 22, 23, 24
CB_ 1_ A_ ZN22 2 26, 41, 42, 48, 49
CB_ 1_ A_ ZN23 2 26, 53
CB_ 1_ A_ ZN24 2 26, 53
CB_ 1_ A_ ZN25 2 26, 53
CB_ 1_ A_ ZN26 2 26, 41, 42, 48, 49
CB_ 1_ A_ ZN27 2 26, 41, 42, 48, 49
CB_ 1_ A_ ZN69 2 1, 33, 34, 37, 38, 39, 40
CB_ 1_ A_ ZN70 2 32, 35, 36
CB_ 1_ A_ ZN71 2 32, 35, 36
CB_ 1_ A_ ZN72 2 21, 25, 26
CB_ 1_ A_ ZN73 2 2, 3
CB_ 1_ A_ ZN74 2 11, 19, 20, 26, 27, 28, 29, 30
CB_ 1_ A_ ZN75 2 11, 19, 20, 26, 27, 28, 29, 30, 31

Table 1.5 For each equipment type the signal classes that might occur in an equipment of
this type is stated for Data set C. This information is derived from Table 1.4.

Signal classes in each equipment type in data set C
Equipment type Equipment type name Signal classes in equipment type

1 Boiler Hot Water 5 ,6 ,7 ,22 ,23

2 Chilled Beam
1, 2, 3, 11, 19, 20, 21, 25, 26, 27,
28, 29, 30, 31, 32, 33, 34, 35, 36, 37,
38, 39, 40, 41, 42, 48,49, 53

3 VAV/CAV Box
2, 10, 11, 12, 13, 14, 15, 16, 17, 18,
19, 20, 22, 23, 24, 41, 42, 43 ,44, 45,
46, 47, 50, 51

4 Whole Building Utilities 1, 4, 8, 9
5 Zone 52

22



1.5 Previous work

tion can find 30% of the misclassified measurement points by using the probability
vector outputted from the method. Another paper that also aims to automatically
classify measurement points is [Hong et al., 2015b]. The solution is also here based
on metadata but also time series data. The solution first trains statistic classifiers
on a prelabelled building and then integrates these classifiers into another building
regardless if the metadata is similar or not. The method is based on feature design
for both metadata and time series data. This data is processed by support vector
machines, random forests as well as logistic regression models and the result from
each classifier is then weighted together. The accuracy ends up at 63% maximum
while only being able to classify 36% of the measurement points with more than
85% likelihood. The authors emphasise that this could be a first step towards au-
tomatically solving the classification problem even if buildings have very different
metadata. This paper is based on data in data set B.

For the association problem it has been much harder to find prior work. Except for
the proposal in [Balaji et al., 2015] our effort to find papers dealing with similar
problem formulation has been fruitless.
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2
Machine learning theory

In [Chollet, 2018] François Chollet states that machine learning arises from the
question whether a computer could "go beyond ’what we know how to order it to
perform’ and learn on its own how to perform a specified task?" Therefore, ma-
chine learning differs from classical programming. Historically when programming
we use rules to tell a computer how to process data and the computer will then give
us an output that may be interpreted as an answer. When machine learning is used
we provide both input data and/or output data and let the computer find the rules
mapping this data. These rules can later be used on similar data to generate new
outputs [Chollet, 2018]. The rules are a way for the algorithm to transform the in-
put data into meaningful information and could for instance be linear and nonlinear
operations or coordinate changes [Chollet, 2018]. To create these rules a machine
learning algorithm needs to be trained with informative examples and have a metric
of how well the algorithm is performing. The metric is used as a feedback within
the algorithm to update parameters so that the algorithm searches for the best solu-
tion[Chollet, 2018].

Providing an algorithm with an answer as well as input data is called a supervised
learning. The supervised learning algorithms require answer or labels to train a
model [Shukla and Fricklas, 2018]. The opposite of supervised learning is unsu-
pervised learning. By only using input data it may still be possible to find struc-
ture in the data. Examples are clustering and dimensionality reduction. A clustering
method will divide the different inputs into groups where the individuals are alike
in some way, without knowing how the data preferably should be grouped [Shukla
and Fricklas, 2018]. Dimensionality reduction on the other hand will allow redun-
dant parts of the input to be discarded. For instance, assume the input is a vector
containing the mean value amongst other values [Shukla and Fricklas, 2018]. If the
mean value is the same for all individuals, then that value would not contribute with
any information and may just as well be removed. More complex examples of di-
mensionality reduction are principle component analysis and autoencoders. For this
thesis supervised learning will solely be considered.
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2.1 Neural network

As stated above, the aim of machine learning algorithms is to find rules that can
give correct answers to never seen problems. Therefore, it is important that the
algorithm finds rules that are specific enough to solve the problem but generalised
enough not to fit the rules to the exact pattern found only in the input data on which
the algorithm has been trained on, such as noise. When an algorithm has adjusted
its rules too specifically to patterns in the data it has been trained on, it is referred
to as being overfitted [Chollet, 2018].

A part of machine learning is deep learning algorithms. The deep here is not con-
nected with a deeper or greater understanding but instead refers to the number of
layers in a successive model, i.e. a model in which data flows in a single direction
from input to output. It is basically a method using many steps to learn the useful
representation of the input data. This enables the method to combine input data in
many ways and possibly extract more interesting information than algorithms that
simply use the input data as is. One commonly used deep learning algorithm is a
method called neural networks [Chollet, 2018], which will be presented in greater
detail later in this thesis. Algorithms that are not deep are sometimes called shallow
and in some cases, e.g. when there is not enough data, these may be a better solution
than using deep learning [Chollet, 2018].

Machine learning, and especially deep learning, is in general an area that is built
on experimental findings rather than mathematical theory and in [Chollet, 2018]
Chollet states:

Machine learning isn’t mathematics or physics, where major advances
can be done with a pen and a piece of paper. It’s an engineering sci-
ence.

A crucial part of developing new and well performing algorithms hence includes
having the right data and hardware [Chollet, 2018].

2.1 Neural network

A neural network consists of so called neurons gathered in layers. A graphical rep-
resentation of a neural network can be found in Figure 2.1. As the network receives
an input every neuron in the input layer, orange in Figure 2.1, performs some kind of
calculation. They will then transmit their output to the neurons they are connected
to. Every neuron in a layer may be connect to any neurons in the successive layer.
The neurons in the next layer will process their input and transmit their output. This
will continue until the last layer of neurons has processed the input. The output from
the network will then be used to calculate the value of a loss-function, sometimes
referred to as cost function. The value of the loss function will be a measure of how
well the network generates the correct answer for known input [Karpathy, 2017d].
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Figure 2.1 Schematic figure over a neural network with an input layer (in orange) con-
sisting six neurons, two hidden layers (in blue) consisting of 4 neurons each and finally an
output layer (in green) consisting of three neurons. The output of the network is collected in
a vector, here represented by the white boxes.

Every neuron in a network can have a bias and weights [Karpathy, 2017a]. A linear
operation in a neuron could for instance be xout = wxin +b where xout is the output,
xin the input, w the weight and b the bias. The equation can easily be extended to
vector form and thereby include the case where a neuron receives multiple inputs
as shown in Figure 2.1 [Karpathy, 2017c]. The bias and weights are updated when
the network is trained depending on the loss. The exact nature of the update also
depends on a few optimisation options. The update will for instance also be affected
by the kind of layers used, how deep the network is (how many layers are used),
how many neurons there are in every layer, the activation function of the neurons,
the kind of loss function and the optimiser [Karpathy, 2017a].

One common type of layer is the fully-connected layer. In this type all neurons are
connected to all neurons in the previous layer, hence fully connected [Karpathy,
2017b]. These layers are commonly used for simple data that can be stored in a two
dimensional vector [Chollet, 2018].

An activation function is a function that will process the output from a neuron be-
fore it is passed on. It will typically be non-linear [Karpathy, 2017d]. A popular
activation function is called rectified linear unit or ReLU, seen in equation (2.1).

f (x) = max(0,x) (2.1)

Historically, hyperbolic tangent has been used as an activation function in com-
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bination with gradient descent optimisers (see below), but models converge faster
using ReLU as activation function. An undesirable feature of ReLU is its ability
to "kill" neurons, i.e. the output from the unit or neuron will end up always being
zero [Karpathy, 2017d]. A solution to this problem can be using the so called Leaky
ReLU, defined in equation (2.2).

f (x) =

{
αx x < 0
x x≥ 0

(2.2)

where α is a small parameter that sets the slope for the function in the left half
plane. This function does sometime result in better performance [Karpathy, 2017d].

A couple of other activation functions are ELU and SELU, where SELU is the
scaled variant of ELU [Chollet, 2015a]. Exponential Linear Units or ELU has been
shown to perform better than ReLU and is defined according to equation 2.3 where
α is a user defined parameter and λ a fixed constant, see [Clevert et al., 2015].

f (α,x) = λ

{
α(ex−1) x < 0
x x≥ 0

(2.3)

For the output layer there are some recommendations depending on the problem that
is to be solved. For binary classification a sigmoid function is usually a good option
while for multiple excluding classes softmax, found in equation (2.4) is preferred
[Chollet, 2018; Bishop, 2006].

µ(x)k =
exk

1+∑ j ex j
(2.4)

This equation is also known as the normalised exponential [Bishop, 2006]. Here the
value for the kth output is normalised by all the exponential value of all j outputs.

While training a network one aims to minimise the loss function, which will be a
measurement of how well the network is performing [Bishop, 2006; Chollet, 2018].
Hence the choice of loss function will affect the performance of the network ex-
tensively. For problems that are common within machine learning there are some
guidelines one may abide when it comes to picking the loss function. For binary
classification (classifying a given input as true or false) binary cross entropy is rec-
ommended while instead categorical cross entropy is preferd for multiclass classifi-
cation[Chollet, 2018; Bishop, 2006]. This will only work if the classes are mutually
exclusive, i.e. a signal cannot both be a temperature measurement and an air flow
setpoint [Shukla and Fricklas, 2018]. The cross entropy is in general a measure-
ment of the difference between two probability distributions and it is defined in
equation (2.5)

E(~x) = ŷnln(yn)+(1− ŷn)ln(1− yn) (2.5)
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where ŷn is the prediction for class n and yn is its true response [Bishop, 2006].

In the case of classification this will be the distribution of the answers or ground
truth and the predictions or outputs [Chollet, 2018]. It is important to be aware of
that it is not always possible to use the metric which best describes how well the
model is performing as loss function. This is due to demands on the loss function to
be differentiable and computable using only a small batch of data [Chollet, 2018].

The loss will not be fed back directly to update the weights, it is processed by an
optimiser first. Usually the optimiser implements a gradient descent method. If a
network has multiple outputs, as in Figure 2.1, there will be as many values of
the loss function, which will be averaged over before being used by the optimiser
[Chollet, 2018]. A gradient descent method will basically update the weights by tak-
ing a small step in the negative direction of the gradient e.g. ~wt+1 = ~wt −µ∇ε(~wt)
[Bishop, 2006], where ε is the loss function and ~wt is the current set of weights. The
more advanced method RMSProp is usually a good choice [Chollet, 2018] but the
Adam optimiser is also a contender [Shukla and Fricklas, 2018].

Adam is an optimiser utilising first order gradients and is suitable for problems
with many parameters and/or large sets of data. It has been found to be both robust
and working well for non-convex problems [Powers, 2015]. Although it should be
mentioned that it also sometimes fails to converge [Reddi et al., 2018]. Adam is
based on RMSProp that utilises the first order gradient and normalises this by using
the magnitude of previous gradients [Hinton et al., 2014].

A main objective when using neural networks for classification is for the network
to find relationships in data. It is unwanted to model noise into these relationships.
This, because the noise will not be the same for all inputs of the same kind but the
general behaviour will be. The network has overfitted if characteristics in noise of
the training data is a part of the model [Karpathy, 2017d]. There are several op-
tions to consider if the model is showing signs of overfitting. Some of them are
introducing dropout [Karpathy, 2017e] and reducing the dimensionality of the input
[Karpathy, 2017b]. Dropout is set as a rate, e.g. 0.2, for which any given neuron
will have that probability to not be active during certain training steps. If the neu-
ron is inactive the output from it will be zero. This reduces the risk of overfitting
[Karpathy, 2017e].

Exactly how these different options should be combined strongly depends on the
problem. Choosing a well performing neural network design is not straight forward
and is usually based on experience rather than theory although some rules of thumb
exist [Chollet, 2018].
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(a) Classified data in feature domain where
different threshold values θi divides the feature
space.

(b) Decision tree classifying data with the ther-
shold values θ

Figure 2.2 A decision tree classifies data by applying sequential logic test on different
feature parameters.

2.2 Ensemble method

An ensemble method attempts to train several predictors, instead of one as in clas-
sical machine learning, to solve the same problem. The predictors are also called
base learners and the result from individual base learners are in an ensemble method
combined to form a better predictor. The base learner can be homogeneous, i.e. of
one type, or heterogeneous. The gain of using ensembles is that the combined re-
sult is often more generalised than that of a single base learner. Commonly weaker
machine learning methods can also come together and form a strong predictor in
an ensemble [Zhou, 2012]. Two ensemble methods are random forest and gradient
(tree) boosting which are further presented in this section. Both of these methods
have decision trees as their base learners.

Decision tree
A decision tree is a feature-space based algorithm. A tree applies a series of logical
tests to divide the data into smaller subsets. In Figure 2.2(a) we can see a two-
dimensional dataset. The grey lines in the figure partition the datapoints by colour
and each colour corresponds to a class. A classification decision tree, seen in Fig-
ure 2.2(b), divides the input space {x1,x2} into the same regions as the grey lines
create in Figure 2.2(a). The logical test in each node split corresponds to one of
the grey lines in Figure 2.2(a) and a trait of decision trees are that these lines will
always be parallel to the original axes [Bishop, 2006]. Each end node in the tree, or
more commonly referred to as leaf node, denotes a certain class or here colour. If
an example ends up in that node it is labelled with that particular class.

Training a decision tree comes down to deciding both what variable, x1 or x2, will
form the split at each node and the corresponding threshold value θi. These splits
are evaluated through a split evaluation function [Bishop, 2006]. Two common func-
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tions for evaluating splits within a classification tree are the Information Gain IG and
the Gini Impurity GI. The Information Gain is maximised with regard to splitting
on feature f by minimising equation (2.6)

IG( f ) = ∑
v∈values( f )

p(x f = v)H(C|x f = v) (2.6)

where f the specified feature, x f is the value of the feature in example~x and v is the
proposed split value for f . H(C|x f = v) is the entropy, defined in equation (2.7), of
a set were x f = v.

H(C|x f = v) =−
K

∑
t=1

p(Ct |x f = v) log2 p(Ct |x f = v) (2.7)

where p(Ct |x f = v) is the probability of an example belonging to class Ct if x f = v
[Berzal et al., 2003]. The Gini Impurity attempt to minimise the impurity in the
subsets created by the split by minimising equation (2.8)

GI(x f ) = ∑
v∈values( f )

p(x f = v)G(C|x f = v) (2.8)

where G(T ) is defined as

G(C|x f = v) = 1−
K

∑
t=1

p2(Ck|x f = v). (2.9)

A regression tree works in a similar fashion, but here each leaf node represents a
value. The splits are evaluated as the split that most decreases an error estimation
function R(T ), i.e. maximises R(T )−R(TL)−R(TR) where T is the exampel set
before the split and TL and TR are the examples sets in the right and left subnodes
respectively after the split. Traditionally, the mean square error, mse, presented in
equation (2.10) has been used as an error estimation function [Breiman et al., 1984].

Rmse(T ) =
1
N

2

∑
t=1

∑
~xn∈t

(yn− ȳ(t))2 (2.10)

where, N is the total number of examples in the node, t spans over the subnodes,
which are the nodes created when a node is split, and ȳ(t) corresponds to the mean
output of that subnode. However, [Jerome H. Friedman, 2001] has proposed another
criterion, the improved least squares criterion found in equation (2.11)

R f (T ) =
K1K2

K1 +K2
(ȳ(1)− ȳ(2))2 (2.11)

where K1,2 are the number of examples in each subnode. This will later be referred
to as the Friedman mse.
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A decision tree is trained through two main phases; the growing phase and the
pruning phase. Some pre-pruning also takes place during the growing of the tree.
Growing a tree means to recursively partition the samples in such a way that each
leaf node, or end node, of the tree is associated with only one class [Kotsiantis,
2013]. The pre-pruning during this phase prevents splits that do not meet certain
criteria, for instance the minimum number of samples in a leaf node or minimum
number of samples in each partition. The pruning phase attempts to generate sub-
trees from the grown decision tree. This is to generalise the decision tree and to not
overfit to training data[Kotsiantis, 2013].

Random forest
The random forest algorithm consists of multiple decision trees which makes this
approach more powerful than ordinary decision trees. The increased number of trees
mean a significant increased classification accuracy [Suthaharan, 2016]. Random
forest is a so-called bagging method. The bagging algorithm attempts to train base
learners to be as independent of each other as possible. In the optimal case, each
base learner would get its own training set, but as training data tends to be lim-
ited this would result in every unique training set being very small and is therefore
not feasible. Instead the bagging algorithm adopts bootstrap sampling. Bootstrap
sampling is a method that creates new sample sets of equal size from the original
training set by the following approach. Let the training set contain m examples.
The subsets are then generated by drawing m samples with replacement from the
training set [Zhou, 2012], i.e. every tree gets an training set of equal size to the
original training set. Having multiple cases of identical examples occurring in the
training sets decreases the computations required for each tree to find the optimal
split [Suthaharan, 2016]. Hence every base learner will train on the same amount of
data, but different sets. The final choice of the ensemble is commonly done by pop-
ular vote, but it is also possible to look at percentage of how the votes were spread
over all classes [Zhou, 2012].

Gradient boosting
A boosting method, such as gradient boosting, has as its primary objective to im-
prove weak learners. This is performed iteratively during training by training addi-
tional weak learners based on problem areas for the existing ones. Say for instance
that the first learner of the ensemble is good at classifying class 1 and 2, however
the errors for class 3 are large. In the next step a base learner will be trained on a
set where class 3 is heavily weighted. The base learners are finally combined in a
weighted fashion to ensure a good overall result, after which an error is calculated
and used to decide on what data to train the next iteration of learners [Zhou, 2012].

For a set of responses y and inputs ~x = {x1, . . . ,xn} the boosting algorithm aims to
find the mapping F(~x) between the labels y and the data~x. The algorithm achieves
this by minimising the expected value of the loss function L(y, f (~x)) where f (~x)
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is the estimation of F(~x). This is normally the negative log-likelihood function. In
equation (2.12) we find this loss function for the multi-class case [Friedman, 2002].

L({yk, fk(~x)}K
1 ) =−

K

∑
k=1

yk log pk(~x) (2.12)

where yk = 1 if the sample is labelled to class k, pk(~x) the learners prediction that
yk equals to one knowing~x and fk(~x) can be though of as the predictor for class k.
pk(~x) can be rewritten as

pk(~x) =
e fk(~x))

∑
K
t=1 e ft (~x)

.

using the symmetric multiple logistic function for fk(~x). Note that the loss function
is a function of a sum over K number of pairs (yk, fk(~x)). This results in that one
tree per class k is fitted for every time the loss function is calculated. This is done
in each iteration step m [Jerome H. Friedman, 2001]. Meaning that the solution can
grow very complex with the number of classes.

The gradient boosting algorithm approximates F(~x), the true mapping between la-
bels and data, by a weighted sum, f , of base learners, h. Here the base learners are
trees and the weighted sum is expressed in equation (2.13).

f (~x) =
M

∑
m=0

µβmh(~x,~am) (2.13)

where M is the total number of boosting steps, or iterations, βm and h(~x,~am) are the
base learners weights and base learners respectively calculated at the mth training
iteration and µ is the shrinkage factor or learning rate. ~a = {a1,a2, . . .} are the
parameters of the learner, i.e. splitting feature, splitting value and tree configuration.
f (~x) is calculated in a series of iterations over m, called boosting steps. In each
of the iterations a base learner and a weight are estimated and then the weighted
learner is added to the learner from the previous step. The step in the direction
of the new learner is keept small by the learning rate in order to acheive higher
generalisation. The base learner is selected to minimise its squared difference to the
negative gradient of the loss function with regard to the output from the base learner
of the previous step. The weight minimises the loss between the true response of
each individual and the output from the new learner [Friedman, 2002].

2.3 Support vector machine

Support vector machine is an algorithm primarily designed for binary classification
problems. The main objective is to divide the data set into two regions or classes
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Figure 2.3 Linear support vector machines divides the data domain with a straight line.
The algorithm attempts to maximise the distance to the data points, i.e. the light blue area
should be as wide as possible.

linearly as seen in Figure 2.3. The algorithm tries to fit a line, see equation (2.14),
to maximise the distance to the closest points on each region [Suthaharan, 2016].

wxT + γ = 0 (2.14)

This line separates the data points according to

D1 = {wxT + γ ≤ 0}
D2 = {wxT + γ > 0}. (2.15)

The objective is that the region D1 and D2 will contain one class each. In practise
the algorithm finds two parallel lines, in Figure 2.3 represented by the edges of the
light blue area, to locate the boundary of each class and then maximises the distance
between these two lines. The algorithm can also handle multiple class problems by
combining two-class support vector machines [Suthaharan, 2016].

Support vector machines are easy enough to understand when the data can be sep-
arated by a straight line. Figure 2.4(a) however displays a dataset where the data
cannot be linearly separable.

A kernel function can be used to transform the data into a higher domain where
the classes can be separated linearly [Suthaharan, 2016]. This can be seen in Figure
2.4(b) where the green and orange dots in Figure 2.4(a) have been moved from
a 2D space into a 3D space. This new space is chosen with care so that the dots
are separated by the light blue planes. Increasing the dimensionality significantly
often makes the calculation of new coordinates computationally heavy. To handle
this, the so-called kernel trick is often used in support vector machines. This means

33



Chapter 2. Machine learning theory

(a) Original feature domain. The green and or-
ange smaples can not be divided by a stright
line.

(b) Transformed feature domain. The green
and orange samples can be divided by a sim-
ple plane.

Figure 2.4 A non-linear support vector machine transforms the data using a kernel function
to a space of higher dimensionality to separate the data points.

that the kernel function is used to determine the distance between the dots in the
new space without calculating the new coordinates. As an example, the mapping;
Φ(u1,u2) = (au2

1,bu2
2,cu1u2), where u1 and u2 are coordinates in the original space,

can be used to transform data from the 2D space to the 3D space. Further on the
kernel function calculates the similarities of two points in the new space as the
inner product between them i.e. κ(~u,~v) = Φ(u1,u2) ·Φ(v1,v2). The kernel trick,
demonstrated below, lies in the fact that only information from the 2D space is
required to calculate the inner product in the 3D space.

Φ(u1,u2) = (au1,bu2,cu1u2)

Φ(v1,v2) = (av1,bv2,cv1v2)

κ(~u,~v) = Φ(u1,u2) ·Φ(v1,v2) =

= a2u2
1v2

1 +b2u2
2v2

2 + c2u1v1u2v2

By selecting c = 2ab this can be simplified to

κ(~u,~v) = (au1v1 +bu2v2)
2 =

= (
[
u1 u2

]
·
[

a 0
0 b

]
·
[

v1
v2

]
)2

A special type of support vector machine used for classification implements a Radial
Basis Function, a kernel function specified in equation (2.16) [Vert et al., 2004].

K(~vi,~x j) = e
−‖~xi−~x j‖2

2σ2 (2.16)
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where σ is a fixed constant and ‖~xi−~x j‖2 is the squared Euclidean distance between
two points~xi and~x j. Such a support vector classifier is implemented in the libraries
of SKLEARN which is a free software machine learning library [Pedregosa et al.,
2011]. The kernel function is fixed but the classifier has input arguments such as C
and γ . C is the parameter that handles the trade-off between misclassification of the
training individuals against the decision surface’s simplicity, the light blue planes
in Figure 2.15. A low value ensures a smooth surface as in Figure 2.15 while a high
value ensures a focus on classifying all individuals correctly [scikit learn developers,
2017]. γ is a parameter that decides how far (in the domain of the input) the effect
of a single individual will reach. If the value of γ is small individuals that are quite
far from each other will be considered similar, a too small value would result in a
model unable to separate anything in the whole training set. A large value instead
results in that individuals need to be closer to be considered similar and a too large
value will end up overfitting the model regardless of the value of C [scikit learn
developers, 2017].

2.4 Feature extraction

A feature is a measurable representation of characteristics that can be observed in
the data [Shukla and Fricklas, 2018]. Features are used to describe real data in a
simplified manner. The real world data might be too complex or too large to handle
and features can reduce the complexity by not including every detail but capturing
the bigger picture or the most important part of the data [Shukla and Fricklas, 2018].

How well a machine learning algorithm performs depends highly on the extracted
features hence this must be done with great thought[Shukla and Fricklas, 2018].
It is worth noticing that more features will not necessarily enhance performance
in a machine learning algorithm. Instead performance might even suffer from an
excessive number of features.

In classification, features should be designed to ensure that the algorithm has enough
information to separate the different classes. The algorithm should optimally be
provided with only as many features needed to just tell the classes apart[Shukla and
Fricklas, 2018].

In [Hong et al., 2015a] a feature extraction is performed on n time frames of ev-
ery individual. For each of the time frames the median and variance are calculated.
These are then put into vectors. Thereafter the minimum, maximum, median and
variance is calculated for the vectors and used as features for the implemented ma-
chine learning model [Hong et al., 2015a].

In this thesis we are considering two different kind of problems, classification and
association. The problems are different and it is not unlikely that the machine learn-
ing algorithms might need different information and therefore different features.
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Some statistical metrics will be used for the extraction of features, information of
the utilised metrics is found below. From here on we will denote x as the measured
data from a distribution, mx as the mean value, P[ ] as the probability and E[ ] as the
expected value.

Probability Density Function or PDF for a continuous sample space is defined as
[Jakobsson, 2013]:

fx(α1, ...,αP) =
δ PP[x1 ≤ α1, ...,xP ≤ αP]

δα1, ...,δαP

This is the first partial derivative of the probability with regard to all αp, p ∈
[1,P]. The value of the PDF can for a given sample, αp, be thought of as a
relative likelihood that the value of a random variable would be equal to the
value of the sample.

Skewness is the third central moment and also a metric of how asymmetric a PDF
is which is illustrated in Figure 2.5, see [Hyvärinen et al., 2018].The normal
distribution is seen in black and has skewness equal to zero. Skewness is
defined as:

µ3 = E[(x−mx)
3]

Kurtosis or the normalised kurtosis is the fourth order statistics [Hyvärinen et al.,
2018]. The metric strongly indicates if the distribution of x is Gaussian or not
since for Gaussian distributions kurtosis will be zero as depicted in Figure 2.6.
The definition of normalised kurtosis follows:

kurt(x) =
E[x4]

(E[x2])2 −3

Discrete Fourier Transform or DFT is defined as:

XDFT =
N−1

∑
n=0

x(n)e−i2π
k
N n k = 0,1,2, ...,N−1

where x(n) is the signal measured in the time domain over N time samples
and i =

√
−1 [Swartling et al., 2016a]. Unlike a continuous Fourier transform

the DFT is not calculated using an integral but a summation [Swartling et al.,
2016b].
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Figure 2.5 Distributions from a PDF with different values of skewness, µ3. A normal dis-
tributed PDF is presented in black.

Figure 2.6 Distributions form a PDF with different values of kurtosis, kurt. A Gaussian
distributed PDF is presented in black

2.5 Evaluating models

It is a natural assumption that the objective when working on a problem, indepen-
dent of the work area, is to find a method that solves it optimally. A way of eval-
uating the results is therefore required. With machine learning the aim is to find a
model that finds generalised rules meaning that it performs equally well on training
data as for data never presented to the model before [Chollet, 2018]. For this rea-
son, the data set used is normally split into different parts, one for training, one for
testing and finally one for evaluation. Only splitting a data set into two parts will
not be adequate since the usual procedure when developing a model is:

• Design models and training them using the training set.

• Test models using the test set. From the results changes can be made to mod-
els and models can be compared.

• Evaluate the final model.
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Clearly the models are tuned with regard to the training set but also, in a way, with
regard to the test set. Therefore, there is a risk of overfitting the model to not only
the training set but the test set as well. A little bit of information about the test set
will be brought into the model when a modelling decision is based on results from
the test set. By using a separate evaluation set it is possible to train the model, tune
design options and change parameters while still evaluating the model on never
before used or presented information [Chollet, 2018]. Usually the data is split so
70% is used for training and 30% for testing and evaluating the model or 60% for
traing and 20% for testing and evaluating respectivly [Shukla and Fricklas, 2018].

Evaluation of a model needs at least one metric that provides information about
how well the model performs. A common metric used during both training and
evaluation is accuracy [Chollet, 2018]. There are a couple of definitions but in thesis
it is defined as how many times the output or predication from a model matches the
true answer divided by the number of individuals, see equation (2.17).

xacc =
∑

N
n=1 ymatch

n

N
(2.17)

where N is the number of individuals and ymatch
N is one if the prediction matches the

key and zero otherwise. Accuracy can also be defined as

xacc =
tp

tp+ fn
(2.18)

and by this definition, accuracy is identical to what is called recall. In the equation
tp and fn refers to true positives and false negatives. A handful of other metrics are
based on these two and true negatives and false positives, tn and fp respectively. In
the binary case these values are intuitive. As seen in Figure 2.7(a) tp is obtained
when the prediction or output as well as the answer takes the value 1 while fp is
obtained when the prediction is 1 and the answer is 0. In a similar manner tn is
added to when both prediction and answer is 0 while for fn the prediction must be
0 and the answer 1 [Powers, 2007]. In Figure 2.7(b) a similar matrix is presented.
If each individual class is studied separately the same analogy may be used. Take
class 2 as an example; if the prediction is 2 and the answer is 2 there is a tp while
if the answer is anything but 2 there is a fp. If the prediction is anything but 2 while
the answer is 2 there is a fn and otherwise a tn will be obtained.

If the accuracy is calculated at the end of training epoch for both test and training
set it is possible to spot if a model is overfitting. The accuracy difference, defined in
2.19, is a metric for overfitting.

Accuracy diff = xtrain
acc − xtest

acc (2.19)

If the value is large, above a few percentage points, it means that the model has
based rules on structure only found in the training set meaning that it has overfitted
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2.5 Evaluating models

(a) Binary case. (b) Multiple class case. Here the matrix is with
regards to class 2.

Figure 2.7 Confusion matrices showing the location of true positives and negatives as well
as false positives and negatives

Figure 2.8 Accuracy during training for test and training set on an overfitted model, in
blue, compared to that of a non overfitted model, in orange. Note the difference in accuracy
for the training set, in blue or orange, and the test set in green.

[Karpathy, 2017f]. In Figure 2.8 accuracy curves for the training set and test set
are depicted. Here it is clear that the accuracy difference after training will provide
insight into weather a model has overfitted to the training data or not.

As mentioned above, tp, tn, fp and fn form several metrics that may be used for
analysis. The accuracy or recall could for instance be derived from equation (2.18).
A complementary metric to recall is what may be called inverse recall, specificity or
true negative rate [Powers, 2007]. While recall or accuracy contains information of
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how well the rule/model is able to find the correct positives, specificity contributes
with the same information for the negative examples [Powers, 2007]. The definition
of specificity is:

xspecificity =
tn

fp+ tn

Accuracy and specificity are biased for the case when the data is skewed by the
number of positive and negative examples. Picking the best model so that these
metrics have the highest values does not necessarily yield the truely best performing
model [Powers, 2007]. Therefore it is wise to study other metrics as well.

One interesting way of viewing the performance of different models is to put these
in a so called ROC graph. The ROC graph has recall, here equivalent to accuracy,
as y-axis and fall out as x-axis. Fall out is defined as:

xfallOut =
fp

fp+ tn

A perfect classifier would then be placed at [0,1] in the graph, equivalent to accuracy
equal to 1 and fall out equla to 0, while a poor model would be far from the y-axis
and close to the x-axis [Powers, 2007]. In [Hong et al., 2015a] both recall and fall
out is used for evaluation as well. It should however be noted that due to the bias in
accuracy and specificity, the ROC graph is only feasible for binary classification.

Informedness, xin f ormed , is a metric created specifically to be unbiased. It is the
probability that the model is informed regarding how well a random method would
perform. The metric describes how informed the model is while making its predic-
tions. An image recognition classifier on a set with 95 images of cats and five of
dogs could theoretically achieve high accuracy simply by classifying everything as
cats. The informedness measure for this model would be less than zero, i.e. -0.05.
This is a result of the model not performing better than simply guessing. A per-
fect model, a model that would classify all cats and dogs correctly, would get an
informedness score of 1. The mathematical definition follows below:

xinformed =
tp

tp+ fp
− fp

fp+ tn
(2.20)
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Execution

3.1 Preparing data for machine learning

Machine learning algorithms are built and trained on data in a specific format. The
datasets in this project had different formats making it necessary to handle the
datasets individually. A script was constructed with one function for each dataset. It
handled the different data formats and reformatted them. This meant that the follow-
ing scripts could be guaranteed data on a specific format and not depend on which
BMS the data was originally logged in.

Another issue has been the quality of the data. Data sampled in a BMS can have
all sorts of errors. It can be wrongly measured, meaning too high or low values
or NaN values, the sensor can be turned off for long periods of time, each mea-
surement point can be recorded non-chronologically, the times between the mea-
surement points can be irregular due to delays in the computer systems. All of this
makes guaranteeing data sampled and measured correctly and in the same way im-
possible. Therefore the datasets are pre-processed through a script. The script takes
files generated in the formatting data script as input together with required sampling
time and window length. In order, the steps are as follows:

Sorting The signals are individually sorted in chronological order.

Removing NaN-values All NaN-values are removed from the data.

Dividing into windows The signals are divided into windows of a length deter-
mined by the user, in this thesis 48 hours. This is done for two reasons: to
shorten the data necessary for the algorithms to work on a real case and to
create more examples for the algorithms to train on. The original sample time
of the signal is estimated and if there are more than four samples missing the
starting point of the window is reset.

Resampling The windows are resampled to the desired sampling time, in this the-
sis 5 minutes. The script uses linear interpolation but does not interpolate
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between points of a certain time difference called gap time. Instead the func-
tion will start over trying to sample a new window at the end of the gap. The
gap time depends on an estimation of the original sampling time of the signal.

Storing The windows’ time stamps, measurements, class labels, signal names and
potentially equipment labels are stored in lists which are converted to csv
files. There are three sets of these data files one for training, one for testing
and one for evaluation. About 70% of all examples are used for training while
20% and 10% are used for testing and evaluation respectively.

For data used in the classification problem these steps are taken individually per
signal. For association data we hypothesised that time difference between event,
defined among the features below, would be important. This made it necessary to
ensure that all windows within the same equipment spanned over the same time
frame. This was taken into consideration during the Dividing into window-step.
In the Resampling-step the allowed gap time were up to four times the original
sampling time for the classification problem and up to ten times for the association
problem.

Finally, a script calculating the features, which would be used as input to the models,
was created. The script was divided into two methods calculating features, one for
classification and one for association. In turn these were divided into the different
feature sets to enable examination of how different features affected the models.
The function takes parameters that regulate the feature sets that are to be calculated,
if the features should be normalised and whether or not individuals with zero mean
and zero variance should be eliminated from the set. The features are normalised
feature-wise. This is done by calculating the mean and standard deviation for each
individual feature over all windows, e.g. the mean of all maximum values. Then
every separate feature in every window is normalised with regard to the calculated
mean and standard deviation for each feature. It is also possible to give a mean
and standard deviation as input to use for normalisation. This is used to ensure that
a training set and test set are normalised using the same parameters. The specific
feature sets used for the classification problem are presented in Table 3.1.

For association the focus was to find features that could help determine if two sig-
nals were in sync. This meant a focus on when things happen rather than what
happened. The following features were defined

Peaks Time stamps for the top five peaks in the data are calculated along with time
stamps for the top five minimums.

Gradients Time stamps for maximum and minimum gradient are calculated.
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Table 3.1 The feature sets for the classification problem shortly described and defined.

Description of feature sets for the classification problem
Feature set Description

stat
Simpler statistical measurements are included in this set. For each signal the
minimum and maximum value is calculated along with the mean value and
variance.

stat+

This set contains more advanced statistical measurements. As defined in
section 2.4 skewness and kurtosis are calculated. The set also includes a test
statistic and a p-value for the null hypothesis that the data is normally
distributed.

grad
All features in this set are based on gradient measurements. The maximum
positive and negative gradient are calculated together with the mean gradient
which contains information about the drifting within the signals over time.

freq

This set contains frequency measurements. The data is transformed to the
frequency domain using Discrete Fourier Transform and frequencies for the
five highest energy peaks are selected. For the windows with data distributions
that do not contain five energy peaks the remaining features, or in this case
frequency values, are set to zero.

acf
The autocorrelation function is the basis of this set. The time lags were
calculated for the three highest peaks in the autocorrelation.

mse
The mean square error between the data and a fitted polynomial of degree
four is the only feature in this set.

Frequencies The data is transformed using Fast Fourier Transformation. There-
after frequencies for the top five and minimum five energy peaks are ex-
tracted. Further on, the frequency for the median energy is calculated.

At last, it is also clear, both from the examples of signal names in section 1.2 and
in [Balaji et al., 2015], that the signal names contain information on the class of
each signal and the signal paths on which equipment the signals might belong to.
A feature that in a useful way could represent this information would be valuable
but one must remember the problem different naming conventions, mentioned in
section 1.2, poses.

3.2 The classification problem

For all data sets used in this thesis we implemented three different machine learn-
ing methods; random forest, gradient boosting and neural networks. The aim was to
examine different attributes within the data sets as well as conclude what machine
learning method might be most valid to continue working with. Early, it became
conspicuously clear that we for some of the data sets training sets had a skew dis-
tribution in the classes which we thought we needed to address. Therefore, we used
weights to balance the impact of the feedback from examples in the models. The
output for examples belonging to rarer classes were weighted higher than for those
belonging to more common ones. Hence the output from examples belonging to
rarer classes had a greater effect on the update of weights in models. For random
forest and gradient boosting models, we balanced the feedback using the built-in op-
tion in the methods implementing the models in the package SKLEARN[Pedregosa
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et al., 2011] in PYTHON. To balance the feedback for the neural networks we used
methods in SKLEARN to calculate weights which could be fed to the models. They
were implemented in KERAS, a PYTHON written high-level API [Chollet, 2015b],
running on top of TENSORFLOW which is an open source software library for high
performance numerical computation [Abadi et al., 2015].

After running the model, we evaluated the result by examining accuracy for the
top one, three and five guesses. For top five this meant that if the correct class was
among the five highest outputs in the output vector for an example, the algorithm
was said to be correct for that individual. We also calculated the informedness of
each model and the difference in accuracy between the training set and test set after
training to measure overfitting. Finally, for all random forest models we calculated,
using a built-in function within the classifier, the feature importance. This metric is
a percentage weight every individual feature has for all the decisions in a model i.e.
how many times a certain feature is used to split a node divided by the total number
of splits. We looked at these by looking at a) the feature importance over each
feature set varied over the individual models and b) the average feature importance
for every feature over all models for each data set.

All implemented gradient boosting and neural network models had a few things
in common. As for gradient boosting the tree parameters determining how many
samples that are required for a node to split or to be a leaf node were set to the
default values 2 and 1 respectively. As for neural network models they all consisted
of an input layer with weights, different number of hidden layers and finally an
output layer implementing the softmax activation function. All layers were of the
type fully connected and the input layer always had the same number of neurons
as the number of inputs provided i.e. if five features were fed to the model there
would have been five neurons in the input layer. The output layer always had the
same number of neurons as the number of classes in the data the model was trained
on.

Data set A
To even have a chance at solving the real-world problem where one aimed to cor-
rectly classify signals into over 1000 classes one must first be able to solve a smaller
problem well. Therefore we look at Data set A which only contains 5 classes. Here
we aim to see how some basic changes in the parameters affected the outcome of
the methods.

For random forest we examined how requirements for the minimum number of
samples for a node to be split or to be a leaf node affected the solution. Requiring
two samples to split and a minimum of one sample for it to be a leaf node is default
for the methods in SKLEARN.

For gradient boosting we evaluated the effect of different maximum number of fea-
tures considered for each split had as well as the impact the function used to evaluate
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each split had. Friedman mean square error (Friedman mse) is default and recom-
mended in SKLEARN for the split function.

For the neural networks we especially aimed to determine the effect of different
feature sets and dropout. The number of neurons was varied with regard to the
number or features used, i.e. in the larger feature set there are 20 features and the
models had 20 neurons in the first hidden layer while the smaller feature set only
had 11 features hence the first hidden layer only had 11 neurons in the models using
this feature set. The number of neurons in succeeding layers are in a similar way
dependent on the number of features except from the output layer.

Data set B
This data set is mainly interesting since it is the only one containing data from
different buildings classified into the same classification system, however it also
contains more classes, in total 21, compared to Data set A. Data set B contains
three buildings, but as seen in Table 1.2 the signal types from all buildings do not
overlap. We therefore chose to test the difference between testing and training on
signals from the same buildings as well as training on data from one building and
testing on data from another.

We created two sets of data for this data set. For Data set B1+2 we mixed signals
from buildings 1 and 2 for both training and testing and for Data set B2 we used
signals from Building 1 for training and signals from Building 2 for testing. Worth
noting is that these two buildings only contain 16 of the 21 classes. By comparing
these two sub-data sets we were provided with the opportunity to investigate how
well the methods perform on completely new data, not just data from the same mea-
surement points measured over a different time frame. To ensure this comparison
was as fair as possible, the same models were used on both subsets.

Also for this data set we choose not to investigate the effect of all options in the
methods. For random forest we fixated the required number for a node to split or
to be a leaf node and instead focused on the other two parameters, the maximum
number of features considered for each split and the split evaluation function. The
default value for maximum number of considered features is the square root of the
maximum number of features and Gini Impurity for the split evaluation function.
Just as for random forest we choose to fixate some of the parameters altered for
Data set A in the gradient boosting models, namely the maximum number of fea-
tures considered for each split and the split evaluation function. Instead we altered
between four different learning rates where the default value is 0.1. Finally, for the
neural network models the same parameters were investigated as for Data set A,
described in the previous section, i.e. dropout and feature sets.
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Data set C
This data set only contains 53 classes but is classified according to the classification
system holding about 1300 and the data set is still the most complex regarding the
number of classes. This brings us as close to reality as we will get in this thesis.
Hence it is of interest to consider how many combinations of parameters in the
models affect the performance.

Random forest and gradient boosting models are quick to train and therefore we
tested as many different combinations of parameters possible only by changing one
at the time. For random forest models we primarily tried to alter the number of
trees, maximum numbers of features considered for each split and the split evalu-
ation function. After that we also tried to vary the number of samples required to
split a node or for it to be a leaf node together with a variation in the maximum
number of features considered for each split. For the gradient boosting models, we
instead varied the number of trees, the learning rate, maximum numbers of features
considered for each split and the split evaluation function.

For the Neural networks there are many parameters that could be changed and op-
timised for the problem. Although it would not be feasible to test all possible pa-
rameter combinations since the number would be too great for the training of them
to be performed in a reasonable time. Therefore, the approach for choosing inter-
esting models to test has been iterative. First some initial models are trained and
tested and the results from these models became the basis of the choice of how to
design the next set of models. For the neural networks the primary focus has been
to begin investigation of the effect of dropout, the depth of the network, the number
of neurons, the optimiser as well as some activation functions.

3.3 The association problem

Only Data set A and C were divided into subsystems or equipment. For Data set C
these can be seen in Table 1.5. Data set A, as explained in section 1.4,had signals
sorted depending on the rooms they were measured in. In this section these rooms
are the subsystems for Data set A.

Data set A
We choose to start implementing a solution for the association problem with Data
set A as it only included one type of equipment, i.e. rooms. All equipment also
included five signals belonging to the same five classes. This was not the case for
Data set C, which can be seen in Table 1.5 and Table 1.4, and therefore Data set A
was easier to work with. The benefit of using the class information for this data set
and also test how important some features could be for the models were obvious to
us.
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We divided the problem into four subproblems. Instead of asking the question which
of all of these signals belong together we instead asked e.g. "Which Room Air Hu-
midity signals belong with which CO2 signals?", "Which Luminosity signals belong
with which CO2 signals?" and so on. On every subproblem we then trained support
vector machine models with the kernel function defined in equation 2.16. Different
models were created for the subproblems which allowed us to examine the effect
the parameters C and γ , defined in section 2.3, had on the performance.

We wanted to provide the model with informative input data. As already stated in
section 3.1, we aimed to find features which could provide information on whether
or not signals were in sync but also an informative feature which could tell us some-
thing about how the path and signal names of signals correlated. A way of measur-
ing if two signals have an event, such as a peak, at the same time is to take the
two time stamps for this event and calculate the difference of these. The difference
in the frequency peaks which a signal contains could also say something about the
systems since there might be frequencies in common for an equipment. Therefore,
we decided to not only calculate a feature vector for every individual but to use the
difference between two feature vectors as input to the models instead. The signal
path and name was incorporated into the feature vector. The path and name, of sig-
nals that were to be compared, was used and a measure of similarity was calculated
by using DIFFLIB.SEQUENCEMATHER in PYTHON. The comparison generated a
similarity metric between 0 and 1, where 1 meant identical strings. A value of e.g.
0.3 meant that the two paths had a common substring which was 30% of the total
length of the path. It should be remembered that we did not have access to the origi-
nal signal paths for this data set as mentioned in section 1.4. Instead we created our
own path names containing the room number, class type and window number for
that signal. Obviously, this made-up naming convention would come to affect the
results from any model when these names would be used as input.

Data set C
As mentioned above, Data set A had the great advantage of having the same type of
five signals in every subsystem. This was not the case for Data set C which becomes
tremendously clear when one studies Table 1.5 and Table 1.4. One can also notice
that there is not one signal class that is in common for all equipment of the the same
type. This would make the kind of solution used for data set A much larger and much
more time consuming to create. We therefore decided to implement a solution that
would only use the information from the path to group signals by equipment. This
solution did not contain any machine learning method and was instead purely based
on a basic numeric comparison of the strings.

The string comparison method implemented here are based on the same principals
as for the path feature in Data set A. However, first signal paths and names within
each class were compared and all identical sub strings were removed. This was an
attempt to remove class dependencies within the signal paths and names and thereby
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increasing the relative equipment dependency. Then all reduced signal paths and
names were compared to each other and a percentage measurement for the similar-
ity was calculated using DIFFLIB.SEQUENCEMATCHER. Finally, a prediction was
made based on a threshold value for that similarity. Different threshold values were
tested.
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4
Classification: results and
discussion

In this section the results for the classification problem are presented and discussed
for different data sets and models. The classification problem, described in sec-
tion 1.2, is when we seek the class of which a measured signal belongs to. The
results for the three data sets A, B and C are presented separately. For each data set
models of the three methods random forest, gradient boosting and neural network
were implemented and trained according to section 3.2.

4.1 Data sets

In the preparation of the data sets, presented in section 1.4, signals were divided
into two-day-windows and resampled to have a sample time of five minutes. The
windows were subsequently split into a training, test and evaluation set. For each
data set, the number of individuals in each set can be found in Table 4.1. We can
clearly see that Data set A is the smallest of the three, but considering that there are
only 5 classes in that data set its size is not a big issue. For Data set B1+2 and B2
there were 16 classes but obviously not 16 times more examples in either of them.
Data set C, being the largest set from the beginning, had 163 measurement points
before being prepared and ended up being divided into about 37000 individuals.

As we divide the data into training, test and evaluation set we tried to create sets
which were independent. This was because we wanted to be able to present exam-

Table 4.1 Number of individuals in each data set for training set, test set and evaluation set.

Number of individuals in each data set
Data set Training set Test set Evaluation set Total
A 396 113 56 565
B1+2 2319 662 330 3311
B2 1185 324 161 1670
C 25741 7354 3677 36772
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ples to the models that it had never seen before while evaluating it. We also tried to
present the models with as varying examples as possible during training for them
to be generalised to the overall behaviour within a type and not model behaviour
specific to a sensor.

It is very likely that many of the individuals within the data sets were similar to
each other. This also means that the training, test and evaluation sets were similar.
This was partly due to signals being split into windows meaning that the windows
are not independent from the beginning. Another reason for the sets being uniform
was the low number of buildings in each set. Only Data set B contained more than
one building and even in that case the number of buildings were not high. It could
be that our training, test and evaluation sets were too similar to actually be good for
testing and evaluating the models. One solution to this could be finding more data
from other buildings classified into the same system and another to make sure that
individuals from certain signals are only used for evaluating the model. Although
for our data sets this approach could result in too few signals in the training set
meaning too uniform data during training instead.

4.2 Data set A

In this section models trained on Data set A are presented. In Table 4.2, Table 4.3
and Table 4.4 model parameters and accuracy difference for random forest models,
gradient boosting models and neural network models are presented respectively.
For the random forest models, we choose to vary the number of samples required
for nodes in the trees to be able to split and be a leaf node. The gradient boosting
models differ in how many maximum features are considered for each split as well
as what function is to be used for evaluating the split. For the neural network models
we change the number of neurons and the dropout rate. The activation function
used is LeakyReLU for all models. We came to only use it since the other common
activation function, ReLU, exhibited the characteristic problem of killing neurons
which resulted in awful performance for the neural network models. Therefore only
LekayReLU is used for Data set A but also for Data set B, see the results in section
4.3 for the latter data set. Neither did we choose to perform a deep study of the effect
of different activation functions since we in this thesis aimed to find models that had
the potential of solving the classification problem rather than being optimally tuned
for it.

Let us now consider the far-right column containing the accuracy difference, as de-
fined in equation (2.19). For random forest models in Table 4.2 we notice that all
models have an accuracy difference well below one percentage point. In Table 4.3,
showing gradient boosting models, the result is slightly better as the corresponding
value is constantly zero. This means that the algorithm performs perfectly on both
training and test set. Finally, in Table 4.4, we see how the neural network models
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Table 4.2 Random forest models for Data set A.

Overview of random forest models on Data set A

Model Trees Split samples Leaf samples Max features Split function Accuracy diff
/percentage points

1 300 5 2 sqrt Gini Impurity 0.4
2 300 15 2 sqrt Gini Impurity 0.4
3 300 5 10 sqrt Gini Impurity 0.2
4 300 15 10 sqrt Gini Impurity 0.2
5 50 2 1 sqrt Gini Impurity 0.0

Table 4.3 Gradient boosting models for Data set A.

Overview of gradient boosting models on Data set A

Model Boosting steps Learning rate Max features Split function Accuracy diff
/percentage points

1 100 0.1 sqrt friedman mse 0.0
2 100 0.1 log2 friedman mse 0.0
3 100 0.1 sqrt mse 0.0
4 100 0.1 log2 mse 0.0

Table 4.4 Neural network models for Data set A.
Overview of neural network models on Dataset A

Model Feature set Layers Neurons Activation func Optimiser Dropout rate Accuracy diff
/percentage points

1
stat, stat+, grad,
freq, acf and mse 3 20, 40, 40 LeakyReLU, α = 0.3 Adam 0.2 1.8

2
stat, stat+, grad,
freq, acf and mse 3 20, 40, 40 LeakyReLU, α = 0.3 Adam 0 2.0

3
stat, stat+ and
grad 3 11, 22, 22 LeakyReLU, α = 0.3 Adam 0.2 2.5

4
stat, stat+ and
grad 3 11, 22, 22 LeakyReLU, α = 0.3 Adam 0.1 -0.8

5
stat, stat+ and
grad 3 11, 22, 22 LeakyReLU, α = 0.3 Adam 0 0.4

perform with regard to the accuracy difference. Here the values vary from around
zero to over 2 percentage points. The neural network models have little higher val-
ues in general, but for none of the three methods are the accuracy differences high
enough to warrant worry about overfitting.

In Figure 4.1 the accuracy for the models’ top guess is displayed. We can clearly
see that all models perform well on this data set as all scores over 95%. The gradi-
ent boosting models, in the figure seen as blue circles, are very consistent in their
performance of 100% and neither model appears to be affected by the differences
in model parameters. For random forest we see an improvement for model 5. In this
model the minimum number of samples required for a node to split was set to 2 and
the minimum number of samples required for a node to be a leaf set to 1. Both val-
ues are the lowest possible for these parameters and give the trees the most possible
freedom to divide the data. The increase is however only one percentage point and
lowering these parameters also opens up for the trees to overfit to the data more as
the feature space in theory can be divided into regions with only one data point in
each.
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Figure 4.1 Accuracy for the top guess for random forest (stars, red), gradient boosting
(circles, blue) and neural network (crosses, black). The models are trained and tested on Data
set A with five-minute sample time and two days window length. Note that all models have
an accuracy well above 80%.

The neural networks appear to be strongly affected by the dropout rate. Model 1 and
3 with the highest rate perform the worst and if we also take the accuracy difference,
presented in Table 4.4, into account it is clear that the models with low or no dropout
do not overfit more than those with a higher dropout rate. This could be because we
are dealing with a simple problem with few classes and the network does not have
to model noise into the model during training to perform well. Between model 1-2
and 3-5, which differ on the features set on which they were trained, there does not
appear to be any visible difference.

In Figure 4.2 the accuracy for any of the models top three guesses being correct is
seen. The random forest models, red stars, are plotted first and therefore not visible
as gradient boosting models, blue circles, are plotted on top. Here we can see that all
models, except one, perform perfectly with accuracy of 100%. The neural network
model that does not achieve a perfect score is model 3 where a smaller network is
used with the smaller feature set and a high dropout rate. It could be that such a high
dropout rate prevents a small network from finding the interesting patterns since too
much information is dropped out.

Accuracy is however not everything, we also wish for our models to make smart,
informed choices. In Figure 4.3 informedness, see equation (2.20), for the models
are plotted. This picture very well reflects Figure 4.1 and tells us that not only are
the models accurate in their predictions, the predictions are also not random and
lucky, but based on an informed pick which is what we want.
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Figure 4.2 Accuracy for added probability for top three guesses for for the same models
and data as in Figure 4.1. The random forest markers are plotted first and are therefore hidden
behind the gradient boosting markers. All models have an accuracy above 99%.

Figure 4.3 Informedness for top guess for the same models as before. Gradient boosting
models perform best.
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Figure 4.4 Feature set importance for each random forest model. The models are trained
and tested the same data as before. There is no obvious difference between the models but
feature sets stat and grad are cleary the most importance ones.

For Data set A all models perform extremely well. This is probably due to the sim-
plicity of the data. There are few classes and they are different enough that signal
types are easy to separate, even by simply looking at them. In Figure 4.4 the total
features importance within each feature set for the random forest models is seen.
Though we can see small differences for each model it is clear that Feature set stat
carries most information for this data set. Observe that the feature sets contain dif-
ferent number of features and the feature importance does not compensate for this.
In Figure 4.5 we see the average mean feature importance for each feature over all
random forest models. It is clear that Feature set stat, stat+, grad and mse contain
most of the information. As for the neural network models, 3-5, not trained on all
six feature sets neither do we see any decrease in performance that cannot better be
explained in another way. Therefore, it seems probable that using all feature sets for
this data set is redundant.

4.3 Data set B

In this section we evaluate and discuss models trained on Data set B. Observe that
we trained on two different subsets of data: B1+2, where data from two buildings
was used for training and evaluation, and B2, where data from one building was used
for training and data from another building for evaluation. The same models were
implemented and trained on the subsets in order to compare how the data affected
the results.

In Table 4.5 we see model parameters and accuracy difference for random forest
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Figure 4.5 Average importance over all random forest models for each feature. Features in
feature sets stat, grad and mse hold the most information.

models trained on Data set B. For this data set we chose to vary the maximum
number of features considered for finding an optimal node split and what function
evaluates the quality of the split. Table 4.6 displays model parameters and accu-
racy difference for the gradient boosting models. The parameter that is varied is the
learning rate of the model. Parameters and accuracy difference for the neural net-
work models can be seen in Table 4.7. It is the number of layers and the dropout rate
that varies between the models, the variations are similar to those made for Data set
A, see Table 4.4.

Considering the accuracy difference seen in Table 4.5 and Table 4.6 we see a big
issue with this data set. For all random forest and gradient boosting models the ac-
curacy difference is close to or well over 10 percentage points. It is around 10 per-
centage points for Data set B1+2, but around 30 percentage points for Data set B2.
This clearly means that all the models have overfitted. One reason for this might be
that the tree sizes have not been limited in any way, due to the number of samples
required for a node to split is 2 and for it to be a node 1 for both random forest
models and gradient boosting. This makes it possible for the trees to perfectly fit
to the data during training. The overfitting should be kept in mind as we study the
other metrics of performance for these models.

For neural network models in Table 4.7 the accuracy difference, and therefore over-
fitting, is less than for random forest and gradient boosting models, however it is
still present for some models. We also see some cases where the accuracy differ-
ence is negative. This means that the accuracy was higher for the test set than the
training set and is not a sign of overfitting no matter its absolute value. A large neg-
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Table 4.5 Random forest models for Data set B.
Overview of random forest models on Data set B

Model Trees Split samples Leaf samples Max features Split function Accuracy diff, B1+2
/percentage points

Accuracy diff, B2
/percentage points

1 300 2 1 sqrt Gini Impurity 10.4 29.6
2 300 2 1 log2 Gini Impurity 10.4 29.6
3 300 2 1 sqrt Information Gain 9.5 28.9
4 300 2 1 log2 Information Gain 9.5 28.9

Table 4.6 Gradient boosting models for Data set B.
Overview of gradient boosting models on Data set B

Model Boosting steps Learning rate Max features Split function Accuracy diff, B1+2
/percentage points

Accuracy diff, B2
/percentage points

1 100 0.05 sqrt friedman mse 9.3 32.7
2 100 0.1 sqrt friedman mse 10.9 33.2
3 100 0.15 sqrt friedman mse 10.3 34.7
4 100 0.2 sqrt friedman mse 10.9 33.2

Table 4.7 Neural network models for Data set B.
Overview of neural network models on Dataset B

Model Feature set Layers Neurons Activation func Optimiser Dropout rate Accuracy diff, B1+2
/percentage points

Accuracy diff, B2
/percentage points

1
stat, stat+, grad,
freq, acf and mse 3 20, 40, 40 LeakyReLU, α = 0.3 Adam 0.2 -2.7 -0.1

2
stat, stat+, grad,
freq, acf and mse 3 20, 40, 40 LeakyReLU, α = 0.3 Adam 0.1 -1.7 0.2

3
stat, stat+, grad,
freq, acf and mse 3 20, 40, 40 LeakyReLU, α = 0.3 Adam 0 2.6 14.5

4
stat, stat+ and
grad 3 11, 22, 22 LeakyReLU, α = 0.3 Adam 0.2 -0.8 -10.1

5
stat, stat+ and
grad 3 11, 22, 22 LeakyReLU, α = 0.3 Adam 0.1 1.0 -11.6

6
stat, stat+ and
grad 3 11, 22, 22 LeakyReLU, α = 0.3 Adam 0 -1.9 -1.5

ative value rather points to a too large dropout rate. The sign can easily be explained
by how dropout works. It is only active during training and means that 20% or 10%,
depending on dropout rate, of nodes in the network are not active. Therefore, the in-
formation in the network will be lower during training than testing and might have
been too small for the network to make a good decision on. When the model is then
evaluated on the test set there is no dropout of information hence the model will
have access to more information which in these cases increased performance. As
we can see in Table 4.7 the large negative values only occur for the smaller net-
works indicating that the dropout rate is a bit too high hence too little information
is available for the small models to work with. Dropout is used to decrease the risk
of overfitting to training data and if we consider the result of model 6 we notice that
the accuracy difference is only 1.5 percentage points which is not an extremely high
value. This supports the theory of the dropout rate being a bit too high for models 4
and 5. For Data set B1+2 we see very little signs of overfitting at all. Model 3 has
the highest accuracy difference with a value of 2.6 percentage points. This is not as
low as desirable, but not high enough to be a real problem. We see that it is also
model 3 that have overfitted for Data set B2. This is explained by the fact that this
model has a large number of neurons in combination with a dropout rate of zero.
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Data set B1+2
In this section we study the results from models trained and tested on both Build-
ing 1 and Building 2 from Data set B. In Figure 4.6 we see the accuracy for the top
guess. The accuracy is clearly lower for this data set, in comparison to Data set A.
Both random forest and gradient boosting do still perform over 80%, which is the
desired minimum limit set by Schneider Electric, while the neural networks do not
quite reach this limit.

All gradient boosting and random forest models appear to perform roughly speak-
ing equally well in Figure 4.6, differing at maximum two percentage points. The
red markers for random forest model 2 and 3 are in the figure hidden behind the
markers for gradient boosting model 2 and 3. For random forest we can detect a
small increase in performance from models 1 and 2 to models 3 and 4. It would
suggest that the Information Gain as split evaluation function performs better than
Gini Impurity. We also see no improvement between using square root or second
logarithm of the total number of features to set maximum number of features con-
sidered for each split. As for the gradient boosting models we see an increase in
accuracy for model 1 to 3 and then a decrease with model 4. This would suggest
the optimal learning rate for this data set lies between 0.1 and 0.2. With 0.15 being
the best choice we have tried. The overfitting discussed in the previous section is
however significant for all models.

The neural network models have a larger variation in performance and we can espe-
cially see that models 4 and 5 perform worse than the rest. These two models have
fewer neurons in every layer and a non-zero dropout rate. The other neural network
models have an accuracy of about 75%. For the smaller networks in models 4, 5
and 6 a clear difference in accuracy can be noticed in Figure 4.12. Model 6 clearly
outperforms the other two and model 4 performs just better than model 5. The only
difference between the models is the dropout rate where rate 0, for model 6, gives
the best result but interestingly enough model 4 with rate 0.2 performed better than
model 5 with rate 0.1. It is hard to come to any conclusions but it could be, as stated
before, that a dropout rate of 0.1 and above is too high and that it is a mere coin-
cidence that model 4 performs better. For the first three models, where once again
only the dropout rate is varied, we cannot see any great difference in accuracy from
Figure 4.6.

In Figure 4.7 we find the accuracy for the correct class being among the top three
guesses of the models. We can see that all models perform above the desired 80%
limit. Compared to Figure 4.6 we see an increase of about 10-15 percentage points
for all models. It also appears as if random forest models perform better than gra-
dient boosting models and we can see the same correlation with the split evaluation
function as for top one accuracy. However, conclusions that we came to for learn-
ing rate in gradient boosting models for top one accuracy does not apply any more.
Differences within the neural network models have become much smaller and they
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Figure 4.6 Accuracy for top guess for random forest (stars, red), gradient boosting (circles,
blue) and neural network (crosses, black). The models are trained and tested on Data set
B, buildings 1 and 2 with five-minute sample time and two days window length. Gradient
boosting and random forest models do over all outperform the neural network models.

now only differ with about 1 percentage point.

As for the accuracy of the top five guesses, seen in Figure 4.8 the increase in per-
formance is still noticeable for neural network models, but for random forest and
gradient boosting models it is only around one percentage point. As can be calcu-
lated from Table 4.1 one percent of the test set roughly equals to one individual
meaning that gradient boosting and random forest models only had one additional
correct answer in the top five compared to the top three guesses. This is a too small
difference to base any conclusions on. Noticeable for the neural network models is
that it is still model 5 that performs the worst.

Informedness for models trained on Data set B1+2 can be seen in Figure 4.9. Just as
in the case with Data set A the figures confirm what could be seen in the accuracy
plot for the top guess. Once again this indicates that the models making the most
correct choices are also making the most informed ones.

When studying the feature set importance, Figure 4.10, and average feature impor-
tance, Figure 4.11, it is clear that the data is still primarily separated by Feature
set stat. The importance is however more evenly distributed over the other features
and feature sets than for Data set A. Especially, it appears as if Feature set freq,
containing frequency measurements, has gained importance. It is reasonable that
with a more complex data set, such as Data set B, more complex information is
required. Frequency measurements usually contain a lot of data information that
remains hidden in measurements made on non-transformed data.
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Figure 4.7 Accuracy for added probability for top three guesses for the same models and
data as in Figure 4.6. Also here the gradient boosting and random forest models outperform
the neural network models. All models have an top three accuracy well above 80%.

Figure 4.8 Accuracy for added probability for top five guesses for the same models and
data as before. The pattern from top accuracy and top three accuracy is visible here again.
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Figure 4.9 Informedness for top guess for the same models as in Figure 4.6. The trend from
the accuracy graphs is visible here as well.

Figure 4.10 Percentage feature set importance in random forest for each model. A small
difference between models 1 and 2 can be seen if compared to models 3 and 4. The first to
models have Gini Impurity as a split function while the last to have Information Gain.
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Figure 4.11 Average importance over all random forest models for each feature. Now many
more of the features plays an important role to the models compared to what could be seen
for Data set A seen in Figure 4.5.

Overall, we may, for random forest, conclude that Information Gain is slightly
preferable to Gini Impurity as split evaluation function since it grants slightly better
results. For this data set it also appear as if the choice of the maximum number of
features available at a split did not affect the outcome of the models. For gradient
boosting models, we could instead find that an appropriate learning rate would be
around 0.15. Finally, we noticed, for the neural networks that 0.1 was too high as a
dropout rate for the smaller networks and that the dropout rate did not affect the re-
sult of the models much if the networks were bigger. Neural network models overall
performed worse than the other methods when regarding accuracy. Nonetheless, all
random forest and gradient boosting models were overfitted. In this case it might
not matter that the performance of these models were better as they would probably
not be able to be used for data that differs much more from the training set than
the test set did. In the next section we study the effect of training on data from one
building and testing on data from another building to further investigate this.

Data set B2
In this section results from models trained on Building 1 in Data set B and tested on
Building 2 in Data set B are presented. In Figure 4.12 the accuracy for the top guess
is presented. It is clear that some of the models struggle with classifying a building
they have not trained on. The decrease in performance is greatest for random forest
and gradient boosting, both of which are shallow learning methods. This is a sign
of the neural network models finding more general correlations within the data. It
also strengthens our hypothesis that gradient boosting and random forest models
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overfitted to the training data, which we suspected based on the accuracy diff in
Table 4.5 and Table 4.6. Just as for Data set B1+2 random forest models 3 and
4, with Information Gain as split evaluation function perform slightly better than
models 1 and 2. For gradient boosting models we see no clear connections with the
variation of the learning rate.

Let us now focus on the difference in performance for the neural network models
in Figure 4.12 compared to Figure 4.6. Worst is obviously model 3, which were
one of the better ones for Data set B2, and we can also notice that this model has
the largest decrease in accuracy for all the neural network models. This indicates
that model 3 has overfitted to the training data, which is confirmed by the accuracy
difference as discussed earlier and due to a dropout rate of zero. Models 1 and 2,
that have dropout rate 0.2 and 0.1 respectively, on the other hand do not show as
much decrease in accuracy as model 3 and neither have they overfitted with regard
to the accuracy difference in Table 4.7.

Further investigation for the neural network models can be made. If one studies
model 6, that just as model 3 has a dropout rate of zero, in Figure 4.12 and compare
it to model 4 and 5, that has the same structure but a non-zero rate, there are some
things one may notice. First, the behaviour seen for models 1-3, where accuracy
is dropping with a lower dropout rate is not seen. We can also notice that neural
network model 5 appears to be the best overall method, however the accuracy dif-
ference of this model must be taken into consideration. From Table 4.7 we find that
the accuracy difference is -11.6 for model 5, indicating a too high dropout rate.

Models 1-3 and models 4-6 do not only differ in the complexity of the layers, but the
second set of models also use fewer feature sets. As they perform as good or better
than models 1-3 it could mean that for this data set Feature set stat, stat+ and grad
contain better information for separating the signal types while the other feature
sets might contain at least some features that confuse the models instead of helping
them make informed decisions. Confusing features include features that in no way
separate the classes from each other or features containing high noise. If these kind
of features are used as input and the model try to base its rules on them the model
could end up performing worse than if these features were excluded. The worse
performance may derive from the model making decisions on information that in
reality does not matter, i.e. information that in no way separates classes. In Fig-
ure 4.16 we see the feature set importance of the random forest models. This figure
confirms Feature set stat, stat+ and grad carrying over 80% of the feature impor-
tance. Unlike random forest, neural network can recombine features. It is possible
that this ability enhances the information within the features further.

As for accuracy for top three and five guesses, seen in Figure 4.13 and Figure 4.14
respectively, performance increases for all models by 6-20 percentage points. Some
neural network models perform above the 80% limit for top three guesses already
and for top five guesses all models come out over 80%. Some gradient boosting
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Figure 4.12 Accuracy for top guess for random forest (stars, red), gradient boosting (cir-
cles, blue) and neural network (crosses, black). The models are trained on Data set B, Build-
ing 1 and tested on Data set B, Building 2 with five-minute sample time and two days window
length. The greatest change in accuracy from Data set B1+2 in Figure 4.6 is that the neural
network models has the highest accuracy here. Overall the random forest and gradient boost-
ing models have a 20-25% lower accuracy here.

and neural network models perform equally well with regard to accuracy for top
three and five. Nevertheless, top performance for neural network models are still
higher than for gradient boosting models. It is also clear that random forest models
continue to struggle to deliver in comparison to the other methods. Accuracy for top
three and five, in Figure 4.13 and Figure 4.14, also shows the increased performance
of neural network models 4-6 in comparison to models 1-3.

As could be expected by now informedness, in Figure 4.15, mirrors the accuracy for
top one and clearly indicates that the neural network models perform the best. The
metric is based on the top one guesses for each model and tells us that the neural
network models make the most informed guesses, i.e. have captured most of the
important information in the data.

Concerning feature set importance, we can conclude from Figure 4.16 that Feature
set acf , containing autocorrelation measurements has lost out in favour of Feature
set mse if we compare it to feature set importance for Data set B1+2 in Figure 4.10.
From comparison of average feature importance in Figure 4.17 and Figure 4.11
however we see a tendency that important features from Data set B1+2 have become
even more important in this experiment. For this data set these measurements should
possible be treated with caution as random forest models are heavily overfitted with
an accuracy difference of close to 30%.
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Figure 4.13 Accuracy for added probability for top three guesses. The neural network mod-
els are still overall best but the gradient boosting models have almost as high values here.

Figure 4.14 Accuracy for added probability for top five guesses for the same models and
data as before. Now there is just a small difference between the methods and all models have
an top five accuracy above 80%.
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Figure 4.15 Informedness for top guess for the same models and data as before. A similar
trend as for top one accuracy in Figure 4.12 can be noticed.

Figure 4.16 Percentage feature set importance in random forest for each model. The mod-
els are trained and tested on the same data as before. Just as for Data set B1+2 there is a small
difference when using the two split functions.
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Figure 4.17 Average importance over all random forest models for each feature trained
on the same data set as before. If compared to the equivalent graph for Data set B1+2in
Figure 4.11 we find that Feature set acf has lost importance.

The difference in results from Data set B1+2 and Data set B2 are quite grand. When
training on Data set B1+2 one would by the graphs presented assume that gradient
boosting and random forest were the best methods to use. The accuracy difference,
which is much higher for these methods than for neural network models, do however
contradict this. Results presented in this section for Data set B2 does also demon-
strate a clear decrease in performance for all models implementing either random
forest or gradient boosting which, in combination with the huge increase of accu-
racy difference, proves that the models are overfitting. Instead the neural network
models have, at least for some of the models, a performance that is pretty much the
same as for Data set B1+2. Especially model 5 has no greater change in performance
between the data sets. Another thing that could be noted for the feature sets are that
the random forest based 80% of its decisions on Feature sets stat, stat+ and grad.
These are also the feature sets used for the top performing neural network models.

4.4 Data set C

In this section results for models trained on Data set C are presented. In Table 4.8 we
find the random forest models trained for this data set. We tested different combina-
tions of number of trees, maximum number of features considered for each split and
what function to use to evaluate the quality of the split. Further on we also tested
different combinations of how many samples were required for each node to split
or be a leaf node and the maximum number of features considered for a split. In Ta-
ble 4.9 we find the evaluated gradient boosting models. Here we varied the number
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of boosting steps, the learning rate, the maximum number of features considered for
each split and the split evaluation function. The neural network models are found
in Table 4.10. For this data set the number of layers, the number of neurons, the
activation function, the optimiser and the dropout rate were altered. Input for all
models were all feature sets, i.e. feature sets stat, stat+, grad, freq, acf and mse.

The accuracy difference is presented to the far right in Table 4.8, Table 4.9 and
Table 4.10 for random forest, gradient boosting and neural network models respec-
tively. Clearly random forest models overfit to the training data. The accuracy dif-
ference varies between 26 and 10 percentage points. The best models are those with
a higher value for the number of samples required for a node to split or to be a
leaf node. Higher values appear to decrease the overfit to the training data. These
parameters control how the trees in the model can divide data by determining how
many individuals there have to be left in a node for it to divide further or be an end
node. Lower numbers therefore result in trees being able to divide data into smaller
regions, possible one for each individual in the training set. By increasing these val-
ues, we are clearly forcing the models not to make decisions on single individuals
but always larger groups. This suggests that a higher value for the split samples and
the leaf samples generalise the models. It could be that even higher values could
be worth examining. From Table 4.8 we can find no clear impact on the accuracy
difference from the different split functions.

Let us now consider the accuracy difference for gradient boosting models instead in
Table 4.9. First of all, we notice that the lowest value is achieved for models with the
highest learning rate which might tempt us to come to the hasty conclusion that this
is a preferable learning rate and that the models are promising. If we jump ahead
a bit and consider the actual accuracy presented in Figure 4.18 it becomes obvious
that all those models perform absolutely terrible. A model with accuracy below 10%
is useless and this can never be compensated for by a really low accuracy difference
since the output of the model will not be trustworthy any way.

Consider all gradient boosting models in Table 4.9. Those with learning rate 0.2
have obviously the lowest accuracy difference but if we consider the top one accu-
racy in Figure 4.18 have an accuracy below 10% which makes them uninteresting.
Other models, with a lower learning rate has an accuracy difference 7-20 percentage
points. Even the lowest value of 7 percentage points indicates that some overfitting
to the training data has occurred. This value would preferably be a bit lower, espe-
cially since the training and test set are similar as mentioned in section 4.1. However,
other than the learning rate, the accuracy difference is seemingly strongly affected
by the numbers of boosting steps. A lower number appears to decrease the tendency
of overfitting. The number of boosting steps determines how many times trees are
added in the gradient boosting model. A large value allows the method to fit many
trees to decrease the output error and the noise in the input will then play a part
in the models’ decision making. By decreasing the number of boosting steps even
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Table 4.8 Random forest models for Dataset C.
Overview of random forest models on Data set C

Model Trees Split samples Leaf samples Max features Split function Accuracy diff
/percentage points

1 50 2 1 sqrt Gini Impurity 26.5
2 50 2 1 log2 Gini Impurity 26.5
3 50 2 1 All Gini Impurity 27.0
4 50 2 1 sqrt Information Gain 26.3
5 50 2 1 log2 Information Gain 26.3
6 50 2 1 All Information Gain 26.4
7 100 2 1 sqrt Gini Impurity 26.5
8 100 2 1 log2 Gini Impurity 26.5
9 100 2 1 All Gini Impurity 27.0
10 100 2 1 sqrt Information Gain 26.6
11 100 2 1 log2 Information Gain 26.6
12 100 2 1 All Information Gain 26.5
13 200 2 1 sqrt Gini Impurity 26.4
14 200 2 1 log2 Gini Impurity 26.4
15 200 2 1 All Gini Impurity 26.9
16 200 2 1 sqrt Information Gain 26.5
17 200 2 1 log2 Information Gain 26.5
18 200 2 1 All Information Gain 26.4
19 250 2 1 sqrt Gini Impurity 26.5
20 250 2 1 log2 Gini Impurity 26.5
21 250 2 1 All Gini Impurity 26.7
22 250 2 1 sqrt Information Gain 26.4
23 250 2 1 log2 Information Gain 26.4
24 250 2 1 All Information Gain 26.7
25 300 2 1 sqrt Gini Impurity 26.4
26 300 2 1 log2 Gini Impurity 26.4
27 300 2 1 All Gini Impurity 26.6
28 300 2 1 sqrt Information Gain 26.5
29 300 2 1 log2 Information Gain 26.5
30 300 2 1 All Information Gain 26.5
31 300 5 2 sqrt Gini Impurity 23.4
32 300 5 2 log2 Gini Impurity 23.4
33 300 10 2 sqrt Gini Impurity 19.7
34 300 10 2 log2 Gini Impurity 19.7
35 300 15 2 sqrt Gini Impurity 16.5
36 300 15 2 log2 Gini Impurity 16.5
37 300 5 6 sqrt Gini Impurity 14.6
38 300 5 6 log2 Gini Impurity 14.3
39 300 10 6 sqrt Gini Impurity 14.3
40 300 10 6 log2 Gini Impurity 14.3
41 300 15 6 sqrt Gini Impurity 13.2
42 300 15 6 log2 Gini Impurity 13.2
43 300 5 10 sqrt Gini Impurity 10.3
44 300 5 10 log2 Gini Impurity 10.3
45 300 10 10 sqrt Gini Impurity 10.3
46 300 10 10 log2 Gini Impurity 10.3
47 300 15 10 sqrt Gini Impurity 10.3
48 300 15 10 log2 Gini Impurity 10.3
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Table 4.9 Gradient boosting models for Dataset C.

Overview of gradient boosting models on Data set C

Model Boosting steps Learning rate Max features Split function Accuracy diff
/percentage points

1 100 0.1 sqrt friedman mse 12.6
2 100 0.2 sqrt friedman mse 0.1
3 100 0.1 log2 friedman mse 12.6
4 100 0.2 log2 friedman mse 0.1
5 100 0.1 sqrt mse 12.6
6 100 0.2 sqrt mse 0.1
7 100 0.1 log2 mse 12.6
8 100 0.2 log2 mse 0.1
9 200 0.1 sqrt friedman mse 17.9
10 200 0.2 sqrt friedman mse 0.1
11 200 0.1 log2 friedman mse 17.9
12 200 0.2 log2 friedman mse 0.1
13 200 0.1 sqrt mse 18.1
14 200 0.2 sqrt mse 0.1
15 200 0.1 log2 mse 18.1
16 200 0.2 log2 mse 0.1
17 250 0.1 sqrt friedman mse 19.4
18 250 0.2 sqrt friedman mse 0.1
19 250 0.1 log2 friedman mse 19.4
20 250 0.2 log2 friedman mse 0.1
21 250 0.1 sqrt mse 19.1
22 250 0.2 sqrt mse 0.1
23 250 0.1 log2 mse 19.1
24 250 0.2 log2 mse 0.1
25 300 0.1 sqrt friedman mse 20.4
26 300 0.2 sqrt friedman mse 0.1
27 300 0.1 log2 friedman mse 20.4
28 300 0.2 log2 friedman mse 0.1
29 300 0.1 sqrt mse 20.4
30 300 0.2 sqrt mse 0.1
31 300 0.1 log2 mse 20.4
32 300 0.2 log2 mse 0.1
33 100 0.05 sqrt friedman mse 7.0
34 100 0.05 log2 friedman mse 7.0
35 100 0.05 sqrt mse 7.0
36 100 0.05 log2 mse 7.0
37 200 0.05 sqrt friedman mse 12.0
38 200 0.05 log2 friedman mse 12.0
39 200 0.05 sqrt mse 12.0
40 200 0.05 log2 mse 12.0
41 250 0.05 sqrt friedman mse 13.7
42 250 0.05 log2 friedman mse 13.7
43 250 0.05 sqrt mse 13.7
44 250 0.05 log2 mse 13.7
45 300 0.05 sqrt friedman mse 14.9
46 300 0.05 log2 friedman mse 14.9
47 300 0.05 sqrt mse 14.9
48 300 0.05 log2 mse 14.9

further it could be possible to reduce overfitting. Finally we find, just as for random
forest, that the split function has no apparent effect on accuracy difference.

Finally, we scrutinise the performance of the neural network models with regard to
the accuracy difference, as seen in Table 4.10. Most obvious is that these models
have an overall lower accuracy difference, which has also been true for Data set B.
The worst models have an accuracy difference of just above 11 percentage points
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Table 4.10 Neural network models for Dataset C.
Overview of neural network models on Data set C

Model Layers Neurons Activation func Optimiser Dropout rate Accuracy diff
/percentage points

1 4 20, 20, 20, 20 LeakyReLU, α = 0.3 Adam 0 5.3
2 6 20, 20, 20, 20, 20, 20 LeakyReLU, α = 0.3 Adam 0 5.8
3 8 20, 20, 20, 20, 20, 20, 20, 20 LeakyReLU, α = 0.3 Adam 0 7.2
4 10 20, 20, 20, 20, 20, 20, 20, 20, 20, 20 LeakyReLU, α = 0.3 Adam 0 8.3
5 10 40, 40, 60, 60, 60, 80, 80, 60, 60, 60 LeakyReLU, α = 0.3 Adam 0 8.9
6 6 40, 60, 80, 80, 60, 60 LeakyReLU, α = 0.3 Adam 0 11.0
7 10 25, 30, 40, 45, 50, 55, 55, 50, 45, 40 LeakyReLU, α = 0.3 Adam 0 10.2
8 6 25, 30, 35, 35, 30, 30 LeakyReLU, α = 0.3 Adam 0 7.3
9 10 40, 40, 60, 60, 60, 80, 80, 60, 60, 60 LeakyReLU, α = 0.3 Adam 0.1 3.9

10 6 40, 60, 80, 80, 60, 60 LeakyReLU, α = 0.3 Adam 0.1 2.8
11 10 25, 30, 40, 45, 50, 55, 55, 50, 45, 40 LeakyReLU, α = 0.3 Adam 0.1 2.5
12 6 25, 30, 35, 35, 30, 30 LeakyReLU, α = 0.3 Adam 0.1 1.4
13 10 40, 40, 60, 60, 60, 80, 80, 60, 60, 60 LeakyReLU, α = 0.3 Adam 0.2 0.5
14 6 40, 60, 80, 80, 60, 60 LeakyReLU, α = 0.3 Adam 0.2 1.7
15 10 25, 30, 40, 45, 50, 55, 55, 50, 45, 40 LeakyReLU, α = 0.3 Adam 0.2 0.2
16 6 25, 30, 35, 35, 30, 30 LeakyReLU, α = 0.3 Adam 0.2 0.0
17 10 40, 40, 60, 60, 60, 80, 80, 60, 60, 60 LeakyReLU, α = 0.3 Adam 0.3 -1.0
18 6 40, 60, 80, 80, 60, 60 LeakyReLU, α = 0.3 Adam 0.3 -0.7
19 10 25, 30, 40, 45, 50, 55, 55, 50, 45, 40 LeakyReLU, α = 0.3 Adam 0.3 -2.1
20 6 25, 30, 35, 35, 30, 30 LeakyReLU, α = 0.3 Adam 0.3 -3.1
21 6 20, 20, 20, 20, 20, 20 LeakyReLU, α = 0.3 Adam 0.1 0.2
22 8 20, 20, 20, 20, 20, 20, 20, 20 LeakyReLU, α = 0.3 Adam 0.1 -0.7
23 10 20, 20, 20, 20, 20, 20, 20, 20, 20, 20 LeakyReLU, α = 0.3 Adam 0.1 0.7
24 6 20, 20, 20, 20, 20, 20 LeakyReLU, α = 0.3 Adam 0.2 -2.3
25 8 20, 20, 20, 20, 20, 20, 20, 20 LeakyReLU, α = 0.3 Adam 0.2 -2.4
26 10 20, 20, 20, 20, 20, 20, 20, 20, 20, 20 LeakyReLU, α = 0.3 Adam 0.2 -2.1
27 6 20, 20, 20, 20, 20, 20 LeakyReLU, α = 0.3 rmsprop 0.1 -0.7
28 8 20, 20, 20, 20, 20, 20, 20, 20 LeakyReLU, α = 0.3 rmsprop 0.1 -1.0
29 6 25, 30, 35, 35, 30, 30 LeakyReLU, α = 0.3 rmsprop 0.1 0.1
30 6 40, 60, 80, 80, 60, 60 LeakyReLU, α = 0.3 rmsprop 0.1 3.7
31 6 20, 20, 20, 20, 20, 20 LeakyReLU, α = 0.3 rmsprop 0.2 -2.4
32 8 20, 20, 20, 20, 20, 20, 20, 20 LeakyReLU, α = 0.3 rmsprop 0.2 -3.6
33 6 25, 30, 35, 35, 30, 30 LeakyReLU, α = 0.3 rmsprop 0.2 -1.1
34 6 40, 60, 80, 80, 60, 60 LeakyReLU, α = 0.3 rmsprop 0.2 1.3
35 6 25, 30, 35, 35, 30, 30 ELU, α = 1.0 Adam 0.2 -1.3
36 6 40, 60, 80, 80, 60, 60 ELU, α = 1.0 Adam 0.2 1.6
37 6 25, 30, 35, 35, 30, 30 SELU Adam 0.2 -0.8
38 6 40, 60, 80, 80, 60, 60 SELU Adam 0.2 0.1

while the best ones are just below one percentage point. Here the dropout rate plays
a major part for the accuracy difference. A too low value, such as zero, obviously
correlates to higher values of accuracy difference. A too high value for dropout, on
the other hand results in models that underfit and just as has been reasoned before
it could be that too much information is lost during training of the model to find
the overall important patterns in the data. What is an appropriate dropout rate is
strongly dependent on the complexity of the structure of the neural network model
as noted for models in both Data set A and Data set B. Looking only at accuracy
difference it appears as if a dropout rate of about 0.1-0.2 is the best.

Accuracy for the top guess can be found in Figure 4.18. As we can see gradient
boosting models (blue circles) with learning rate 0.2 perform significantly worse
than other models. In Figure 4.19 the same data is presented, but with these models
removed. This is to ease comparison between models and methods. As the same
behaviour can be seen throughout all metrics in this section we have chosen to
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present all other figures without gradient boosting models with learning rate 0.2.

In Figure 4.19, showing top guess accuracy for all models except gradient boosting
with learning rate 0.2, it is clear that random forest and gradient boosting models
perform better than neural network. But none of the models achieve the desired
80% accuracy. By looking at the last twelve gradient boosting models we see the
effect the number of boosting steps can have. These models have a learning rate of
0.05 and either 100, 200, 250 or 300 boosting steps. We can see that the accuracy
is increasing with the number of boosting steps. It appears as if these models level
out on the same level as models with learning rate 0.1. The relation to the number
of boosting steps is not as clear for the models with a learning rate of 0.1, but there
is no contradiction.

Furthermore, we can in Figure 4.19 for the random forest models see a relation be-
tween the number of trees and top one accuracy. Noticeable is also that the combina-
tion of all features considered for the best split and Gini Impurity as split evaluation
function appears to be a bad combination as models 3, 9, 15, and 21 show a drop
in accuracy. We can also see that increasing the number of samples required for a
node to split and especially for being a leaf node decreases performance.

By focusing on the result for the neural network models found in Figure 4.19 it is
clear that the performance is more scattered than those for the other two methods.
For models 1-8 the performance appears to be rather good for the neural network
models. However, considering the accuracy difference for these models, found in
Table 4.10, the models seem to overfit to the training data as the difference varies
between 5-10 percentage points which is quite much. Therefore, it may be con-
cluded that not using dropout is a bad idea even though it actually grants pretty
good results for the test data with regards to accuracy. That the model still performs
well may be a result of too similar training and test set.

Now let us focus on the second batch of neural network models, all with a dropout
rate above zero. These models, models 9-20, are models with 6 and 10 layers and
many more neurons compared to models 1-8. The first models perform just as well
as those with fewer neurons and then we see a clear decrease in Figure 4.19. Mod-
els 9-12 has a dropout rate of 0.1 while model 13-16 has a dropout of 0.2. From
Figure 4.19 we may just see that the accuracy is a little bit worse for the higher
dropout rate although it, as expected, becomes clear in Table 4.10 that dropout re-
duces the overfitting, i.e. reduces the accuracy difference. For dropout rate 0.2 the
accuracy difference is even better and it could be that the models that appear to per-
form slightly worse in top one accuracy capture more of the interesting behaviour in
the data rather than noise. For model 17-20 the dropout rate is increased to 0.3 and
the accuracy becomes worse while the accuracy difference stays close to what was
measured for rate 0.2 indicating that 0.3 might be slightly too high for the dropout
rate.
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Figure 4.18 Accuracy for top guess for random forest (stars, red), gradient boosting (cir-
cles, blue) and neural network (crosses, black). The models are train and tested on Dataset C
with five-minute sample time and two days window length. For the first partition of gradient
boosting models every second model stands out. These models have a learning rate of 0.2
and an extremely low accuracy of less than 10%.

Models 21-26 are designed with fewer neurons and has a dropout rate of 0.1 for
models 21-23 and 0.2 for models 24-26. The accuracy is steadily decreasing for
these models and the accuracy difference in Table 4.10 stays low. This indicates that
the models are too simple to capture enough of the behaviour in the data. Within
these two sets we alter the number of layers between 6, 8 and 10 as seen in Ta-
ble 4.10. In Figure 4.19 however we see no clear trend with regards to the number
of layers.

As can be seen in Figure 4.19 models 27-34 perform better than the worst models
but still quite poorly in comparison to the other neural network models. These mod-
els have the same structure, number of layers and neurons, as either model 2, 3, 8
or 10 but are implemented with dropout 0.1 or 0.2 and a different optimiser. The
best performing structure is clearly the one used in models 10, 30 and 34 but the
optimiser rmsprop, used for model 30 and 34, is clearly outperformed by Adam,
which is used in model 10.

The final models are implemented with different activation functions. Model 35
and 36 has ELU while models 37 and 38 have SELU. Model 35 and 37 have fewer
neurons than the other two while all of them have the same number of layers, i.e.
6. Model 36 and 38 have the same structure as model 10. The structure of model
10 still outperforms the other, SELU clearly results in better performance than ELU
but leakyReLU is by far the best when it comes to accuracy for the top 1 guess.
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Figure 4.19 The same results as in Figure reffig:BoC:accTop1OutZoom but the models
with learning rate 0.2 are here removed. It is clear that random forest and gradient boost-
ing models are outperforming the neural network models, the difference is overall about 8
percentage points

In Figure 4.20 we find the accuracy for any of the top three guesses being correct.
We would like to remind the reader of gradient boosting models with learning rate
0.2 being removed in the figure. As for the rest of the models we see that almost
all models perform better than 80%. We can also see that gradient boosting models
perform better than either of the other methods. As for accuracy of top one, it is clear
by the last twelve models that the number of boosting steps increases performance.
It is also more clear here that models 33-48 level out on the same level as models
21-31 (odd numbers) that could be seen in Figure 4.19. This would indicate that the
same minimum has been found in the loss function for both learning rates.

As for random forest models, red stars in Figure 4.20, it is possible to distinguish a
curvature in the performance of the first 35 or so models that were not evident for top
one accuracy. For models 1-25 the parameter difference lies primarily in the number
of trees. It would suggest that the more trees the better. Models 25 and 26 seem to be
the top performers. As seen in Table 4.8, these models have the highest number of
trees, 300 and the Gini Impurity as split evaluation function. These traits are shared
with model 27 which demonstrates a decrease in performance. This model differs
in the maximum number of features considered for each split.

For the neural network models the pattern is similar in Figure 4.19 and Figure 4.20.
Most obvious when comparing these two graphs are that the best neural network
models now perform almost as well as the random forest models, around 84-86%.
Overall the top 3 accuracies is less scattered than the top 1. What also becomes
clear after further comparison is that the best performance is now seen for model
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Figure 4.20 Accuracy for the top three guesses for the same models as in Figure 4.19 on
the same data. The difference in accuracy between neural network and the other two methods
are lower than for the top accuracy. It is also clear that the gradient boosting models have a
little higher accuracy than random forest models now. Most of the models have an accuracy
above 80%.

7. Keeping in mind that the accuracy difference, found in Table 4.10, is higher than
10 percentage points for model 7 it tells us that the model has strongly overfitted.
This indicates that model 7 has been better at finding correlations in the noise in
the training data rather than finding interesting patterns in the data. Model 10 on
the other hand, that is not far behind model 7 on top three accuracy in Figure 4.20,
has an accuracy difference of just below 3 percentage points which is a much more
acceptable value and therefore probably the better model. Finally, we can also notice
that model 36 stands out in comparison to accuracy top one in Figure 4.19 and is,
with regard to top three accuracy, one of the top five performing neural network
models.

In Figure 4.21 we find the accuracy for the top five guesses. For gradient boosting
we can here see a slight ringing in the performance of model 10-30 with the apparent
period of four models. This corresponds to different combinations of the maximum
number of features considered for a split and what function is used to evaluate the
split. From the top 5 accuracy we can deduce that evaluating the split with mean
square error together with considering the square root of the maximum number of
features for each split is optimal. We have a harder time detecting this ringing in
Figure 4.19 and Figure 4.20 but might be explained by scaling in the figures. For
random forest it is very clear that performance for every third model has decreased.
Some of this can be contributed to the increased resolution of the y-axis, but the
increase exceeds this. The models correspond to considering all features for the
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Figure 4.21 Accuracy for added probability for top five guesses for the same models as in
Figure 4.19. the difference between the methods is even lower although the gradient boosting
models still has the highest accuracy.

optimal split which seems to be a bad option.

Within the neural network models, the difference in performance for the top five
accuracy depicted in Figure 4.21 is much more similar to top one accuracy than
top three accuracy was. Once again, the first 11 models perform better and while
model 36 still has an accuracy in the same range and it is no longer among the top
5 models.

A similar behaviour as seen in previous figures depicting models trained on Data
set C can also be found for the informedness metric in Figure 4.22. Mostly the
informedness metric depicted resembles accuracy top 1 in Figure 4.19.

Feature set importance and feature importance for random forest can be found in
Figure 4.23 and Figure 4.24 respectively. We can see that parameter differences
affect the feature set importance, however Feature set stat continues to hold a lot of
sway. This is the first data set where we can see a significant difference of feature set
importance over the models. Feature set stat increases for some models as Feature
set acf and mse decreases significantly. In models 1-6, 7-12, 13-18, 19-24 and 25-
30 we see the same apparent behaviour. The difference between these models are
the number of trees and we can therefore conclude that this does not affect the
feature selection. For the three first models in each set we use Gini Impurity for
split evaluation and for the last three Information Gain. In both these cases we see no
difference between using the square root and second logarithm of the total number
of features for selecting the optimal features for each split which correspond to
the first two bars. The third bar for each split evaluation function corresponds to
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Figure 4.22 Informedness for top guess for for the same models and data as in Figure 4.19.
The results resembles those of top one accuracy seen in Figure 4.19.

considering all features when determining the optimal split and every second of
these had Information Gain as the split function. These were the same models in
which we could see a decrease in accuracy in Figure 4.21. It might be that using the
same feature set in over 60% of the splits simply doesn’t make it possible for the
models to separate signal types properly in a general way.

For this data set we found that completely different models performed the best com-
pared to Data set A and Data set B. Still it was obvious that all random forest and
gradient boosting models struggled with overfitting to training data also for this data
set. The accuracy difference was high even for the best models and since the test
and training set is so similar this might be a reason to worry about how these models
will perform on data from another building. In all, the gradient boosting performed
better than random forest models and apart from the higher accuracy difference out-
performed the neural network models. Clear for gradient boosting models was that
a learning rate of 0.2 was much too high and resulted in poor performance. Instead
a learning rate of 0.05-0.1 improved accuracy. For random forest models we could
see that the more trees used the better the model became. The splitting function
that granted the best performance was Gini Impurity. The choice of splitting func-
tion also affected which features decisions were based on. One thing that did not
affect feature importance nor performance noticeably was if the maximum number
of features considered for a split was set to the square root or second logarithm of
the total number of features, but if all features were used performance decreased.
For the neural network models, the most obvious result was that not having dropout
resulted in models that strongly overfitted to the training data. The best dropout rate
among those tested, with regard to the accuracy difference and overall performance,
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Figure 4.23 Percentage importance for feature set in random forest for each model. The
models are trained and tested on the same data as before. For this data set a clear difference
is noticed for models that considered all features for a split and had Information Gain as the
split function. Here over 60% of the decissions are based on Feature set stat compared to
about 45% for the other models.

Figure 4.24 Average importance over all random forest models for each feature. The most
importaint features are found in feature sets stat, stat+, grad and mse.
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appeared to be 0.2. It also became quite clear that Adam was to prefer over rmsprop
and that leakyReLU was the best activation function to use. Finally, we could also
see that just making a network deeper and not adding neurons to the layers did not
enhance performance. Overall, for neural network models we deem model 10 to be
the best. The structure of model 10 was also the most favourable throughout the
tests of different parameter settings.

4.5 Summary

In all, great differences in the feature importance graphs have clearly been visible
for the different data sets. For Data set A there was no intermediate difference be-
tween the models, see Figure 4.4, and Feature set stat and grad provided the base
for about 80% of the decisions in the random forest models. For Data set B a small
difference between models with different split evaluation functions appeared, see
Figure 4.16. These differences can also be seen for Data set C in Figure 4.23. Es-
pecially Feature set stat increased in importance while Feature set freq decreased
when using Information Gain. A worsened performance could be seen for the mod-
els implementing Information Gain. It could be that there is some information in the
frequency domain, which Feature set freq contains, that the models with this split
evaluation cannot exploit.

Overall, there are more features used for Data set B and Data set C than for Data
set A as can be seen by comparing Figure 4.17, Figure 4.11 and Figure 4.24 with
Figure 4.5. It is expected that when trying to classify data into bigger, more com-
plex systems with more classes the models will need to utilise more information to
perform well. However, it is clear that Feature set stat, stat+, grad and mse play an
important role for all data sets. It could be that the less important features in Feature
set freq and acf confuse the models rather than helps them. Especially if the same
features are important to the neural networks as for random forest models. This is
not unlikely since we for Data set A evaluated neural network models only using
feature set stat, stat+ and grad which resulted in better performance.

To summarise, we have achieved very high accuracy for the simplest data set but as
the complexity grew with more classes in the other data sets the accuracy dropped.
It has also become clear that overfitting is a greater issue for random forest and
gradient boosting models than for the neural network models. However the high-
est accuracy scores has overall been seen for gradient boosting models. A more
thorough summary and conclusion can be found in section 6.2.
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5
Association: results and
discussion

In this section the results for the implemented solutions for the association problem
is presented and discussed. The association problem, described in section 1.2, is
when we seek to find which signals belong to the same equipment. Only two of
the three data sets could be used, data sets A and C. For Data set A, support vector
machines were implemented while for Data set C, a string comparison was instead
utilised, as described in section 3.3.

5.1 Data set A

While dividing signals into windows for the association problem there was one
major difference from the partition made for the classification problem. We required
that signals belonging to the same equipment needed to be measured over the same
time frame. The added condition resulted in less data which could be used in the
machine learning work process. For Data set A there was at first less than one set of
examples from each equipment and therefore we chose to increase the allowed gap
time. The maximum allowed gap time was chosen to leave us with approximately
the same number of individuals as for the classification problem. For Data set A we
may compare the following numbers with those found in Table 4.1: for the training
set there were 395 individuals, for test there were 130 and finally for evaluation
there were 60 individuals. Remember that there were five individuals belonging to
the same time frame in the same equipment. Hence there were many more negative
examples than positives, for e.g. in the evaluation set there were 12 examples of
every class (60 examples through 5 classes) and for one support vector machine
model trained there was 144 examples where only 12 were positive. Clearly the
input data was skewed.

For the association problem we decided to do a pairwise comparison for this data set
as explained in section 3.3. This resulted in four subproblems, one for each signal
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Table 5.1 Support vector machine models for Dataset A.

Overview of support vector
machine models on Dataset A
Model C γ

1 50 0.015
2 50 0.01
3 50 0.0075
4 50 0.005
5 75 0.015
6 75 0.01
7 75 0.0075
8 75 0.005
9 100 0.015

10 100 0.01
11 100 0.0075
12 100 0.005

type (Room Air Humidity, Luminosity, PIR Motion Sensor and Room Temperature)
that is compared to the CO2 signals. Our choice of comparing all other signals with
CO2 signals was an arbitrary choice and not built on any theory. As we will show
below the results are satisfactory anyway. No tests on how models would perform
if another signal than CO2 was chosen for comparison were performed, but it is
reasonable to believe that other signals have other correlation and that it would
affect the result in some way.

One major assumption made in section 1.2 for the association problem was that
the known class labels were all correct. This is a good assumption to make when
trying to formulate a feasible solution but one that would be hard to live up to
under real conditions. If deployed, any solution would first classify signals and then
attempt to associate them. This means that the fulfilment of this criterion is based
on how good the classification solution would be and as we have seen, it is far from
perfect in most cases. It is likely that the proposed solution used here would not
work if the class labels were more unreliable as correlations between class types are
presumably different. We believe that one way of examining this could have been to
test the methods on data in which some of the signals were mislabelled, this would
provide information of the robustness of the solution. The output from one of the
models for classification that did not have an accuracy of 100% could have been
used to generate such labels.

In Table 5.1 the parameters of the support vector machines trained for this data set
are presented. The same models are trained for each subproblem and the results will
be presented subproblem-wise in the subsections below.
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Figure 5.1 Accuracy for support vector machines trained on Data set A to compare signals
of type CO2 and humidity. Within the three model groups, models 1-4, 5-8 and 9-12, γ were
lowered which enhanced the performance. Across the groups the values of C were changed
which did not affect the performance.

CO2 versus Humidity
In Figure 5.1 the accuracy of the different models is presented. For the association
problem we will only study the top 1 accuracy since we have chosen to formulate
the problem as a binary classification problem. We clearly see a trend repeating for
models 1-4, 5-8 and 9-12. Within these groups the parameter γ is altered as seen
in Table 5.1 and it is clear that the lowest value for γ results in the best accuracy.
This indicates that the input vectors from couples of signals that belong to the same
equipment are quite far away from each other in the feature set domain. For the
smallest value of γ , models 4, 8 and 12, there are not any greater difference between
the choice of parameter C. A smaller C does although appear to be preferable if one
compare model 3 with models 7 and 11, all with the same γ . Models 1 and 5 also
perform better than model 9 which indicates that a lower C value could be better.

Accuracy does not tell the whole story and in Figure 5.2 the specificity demonstrates
something completely different than what the accuracy, depicted in Figure 5.1, did.
First of all, all models differ little in specificity, at most less than 0.8 percentage
points. Here it is although important to remember that there are extremely many
answers that should be negative in the data set since we ask the question "Does this
CO2 signal belong with any of the hundreds of humidity signals?". The answer will
only be yes for one of the humidity signals for all the CO2 signals and therefore
a small difference in specificity is still an indicator of a difference in performance
between models. The difference seen appears to be coupled to the parameter C
where a lower value, models 1-4 has the lowest value, appear to result in lower
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Figure 5.2 Specificity for the same machines as in Figure 5.1. The result were overall good,
but small enhancements could be seen with higher values of C in models 9-12.

specificity. The best models with regard to specificity are models 9, 12 and 10 all
with C = 100.

In Figure 5.3 the wrong per right score for positive answers is presented, i.e. if we
only consider the times the model says "Yes, these signals belong together!" and di-
vide the number of incorrect answers by the correct ones. For the worst performing
models, models 1 and 5, we find that for every 5 correctly coupled signals the model
will also say that 2 signal couples which do not belong to the same equipment do
belong together. The best model, model 12 will instead for every 25 correct cou-
plings of signals make 3 incorrect couplings which is a much more attractive value.
Worth to notice is that model 9 performs almost as well as model 12.

Finally, we study the models in a ROC graph seen in Figure 5.4. Best performing is
model 12. One should notice the small range of which the false positive rate spans.
On each metric presented either model 9 or model 12 are the best performing model.
Since the difference in accuracy between the models is more than 40 percentage
points, see Figure 5.1, we deem model 12 to be the best among the 12 models.
Model 12 has the highest value for C, meaning that the model seeks to classify
every individual correctly instead of keeping a simple decision surface. It also has
the lowest value of γ which generalises the model more than a higher value would
have. Hence this might be a good combination of parameters that is keeping the
model general enough but still enables it to perform well for the problem.
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Figure 5.3 The ratio between the number of wrong guesses and the number of correct
guesses for the machines presented in this section. γ and C, which are varied over the models,
control the complexity of the decision surface. The best result was achieved with a high C
and low γ in model 12.

Figure 5.4 The ROC curve for machines trained to compare signals of type CO2 and hu-
midity. Note the small span of the x-axis. Model 12 performed best as it is closest to (1,0).
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Figure 5.5 Sam as for Figure 5.1, but for comparison between CO2 and light. The same
pattern is found with higher accuracy for lower γ .

CO2 versus Light
In Figure 5.5 the accuracy is presented for the subproblem where CO2 signals are
compared to luminosity signals. Here the parameter C appears to influence the result
much more in comparison to the corresponding figure for the humidity subproblem,
see Figure 5.1. The highest value is found for model 4 and for the lowest value of
C we can see an increase of accuracy for a smaller value of γ . This trend for γ can
also be seen for the highest value for C but not strictly for intermediate C = 75.
Models 3, 7, 8 and 12 cannot be separated by accuracy viewed in Figure 5.5 but are
all second best from the look of it.

The specificity depicted in Figure 5.6 provides us with little new information. The
only clear thing we can see is that model 10 performs worse than all other models
which are hard to tell apart only regarding specificity.

In Figure 5.7 we find that model 9 has the highest value for the wrong per right
metric, which can be interpreted in the same way as for the subproblem presented
above. Model 4 has the lowest value with model 3, 7, 8, and 12 very close behind.
This conforms to what we found for accuracy in Figure 5.8.

Just like for specificity we can in the ROC graph in Figure 5.8 see that model 10
stands out as being the worst model with an acceptable true positive rate. We can
also conclude that model 4 once again appears to perform best with models 3, 8, 7
and 12 following close behind and once again being impossible to separate.

Overall model 4 has performed the best for this subproblem. Interesting are the
four models following closely behind. Model 3, with a little higher value for γ , i.e.
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Figure 5.6 Specificity for the same machines as shown in Figure 5.5. All models perform
equally except for model 10 which performs worse.

Figure 5.7 The ratio between the number of wrong guesses and the number of correct
guesses for machines presented in this section. This result confirms result found for the ac-
curacy in Figure 5.5.
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Figure 5.8 The ROC curve for machines presented in previous figures. Being closest to
(1,0), model 4 performs best. Model 10 has an acceptable true positive rate, but a high false
positive rate.

0.0075 instead of 0.005, and the same value for C. Models 7 and 8 with the same
γ as for model 3 and 4 respectively but a higher value for C, i.e. 75 instead of 50.
Finally, model 12 with C = 100 and γ = 0.005 and from this it appears as if a higher
value of γ is connected to a better performance. This means that individuals can be
far away and still be considered similar. That the lowest value for C granted the best
model indicates that even if the model is made more complex with a more complex
decision surface it is not possible to separate the individuals better in this feature
domain.

CO2 versus PIR
The accuracy for the subproblem where the PIR signals are compared to the CO2
signals is found in Figure 5.9. Here we find a pattern, similar to the pattern for
accuracy for the subproblem including the humidity signals. The highest value is
here found for model 4 followed by model 8 and 12 indicating that the lowest value
for γ once again provides the best performance, at least if one only regard accuracy.

Specificity is presented in Figure 5.10. The best value is here found for models 1, 5
and 6 while model 3, 4, 7, and 11 has the lowest values. This means that model 4 is
good at matching signals that do belong together but unfortunately is also good at
matching signals that do not belong together.

Just as expected from the specificity graph model 4 has not the best rate for the
wrong per right metric which can be seen in Figure 5.11. Instead we find that model
6 performs the best followed by model 1, 5, 8 and finally 12.
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Figure 5.9 Same as for Figure 5.1 and Figure 5.5, but for comparing type CO2 and PIR. As
for previous subproblems the accuracy is enhanced with lower γ and no effect can be seen
from C

Figure 5.10 Specificity for support vector machines seen in Figure 5.9. Models 1,5 and 6
are the best performing ones. Model 4, with a high accuracy, seem to be good at matching
both signals that belong and those that do not.
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Figure 5.11 The ratio between the number of wrong guesses and the number of correct
guesses for machines presented in this section. Best performing was model 6, closely fol-
lowed by model 1, 5, 8 and 12.

At last we study the graph showing ROC in Figure 5.12. Here models 8, 12 and then
6 would be deemed best. Based on all presented metrics, model 8 or 6 is performing
best. Model 8 has an accuracy score of 15 percentage points higher than model
6 and since the difference in wrong per right and specificity is so small model 8
should probably be deemed better, especially since the placement in the ROC graph
is much better. Once again, do notice the small range over which the false positive
rate spans, in comparison to the true positive rate, in Figure 5.12.

CO2 versus Temperature
Now let us direct our attention to the final subproblem, connecting CO2 signals with
temperature signals. In Figure 5.13 we find the accuracy presented for the models.
Once again the over all best accuracy can be seen for the models which have the
lowest value for γ , i.e. models 4, 8 and 12.

When instead taking the specificity metric, seen in Figure 5.14, into account the
value of C appears to have a greater impact on the result. Here the best models
appear to be models 8, 10, 11 and 12 while model 4 actually performs the worst.

The wrong per right, depicted in Figure 5.15, is not showing the best values among
all models trained for all different subproblems. However, the best performing mod-
els are clearly models 8 and 12.

Finally, we consider the ROC graph in Figure 5.16. First of all, we notice that the
false positive rate spans over the greatest difference of values compared to the ROC
graphs for the other subproblems. We can clearly see that model 4 performs among
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Figure 5.12 The ROC curve for machines trained comparing type CO2 and PIR. Models 8
and 12 performs best, followed by model 6.

Figure 5.13 Same as for Figure 5.1, Figure 5.5 and Figure 5.9, but for comparison of type
CO2 and temperature. Also for this subproblem the best accuracy is achieved for models with
lower γ-value.
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Figure 5.14 Specificity for machines seen in Figure 5.13. Models 8, 10, 11 and 12 per-
formed best, but model 4, which had among the highest accuracy, performed worst.

Figure 5.15 The ratio between the number of wrong guesses and the number of correct
guesses for the same models as presented in the two previous figures. The result were worst
than for the other subproblems with model 8 and 12 being top performers.
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Figure 5.16 The ROC curve for machines presented i this section. In comparison to Fig-
ure 5.4, Figure 5.8 and Figure 5.12, showing the ROC for the other subproblems, the x-axis
here spans over the greatest difference. Models 8 and 12 were the best and model 4 the worst.

the worst and models 12 and 8 are the absolute best. It is not clear which of models 8
and 12 is the best performing model for this subproblem. They cannot by any metric
presented be separated hence it is probably wise to pick model 8 with a lower value
for C granting a little less complex model.

Best support vector machines
The models deemed to perform best for each subproblem are model 12 for the one
including humidity, model 4 for luminosity, model 8 for PIR and for temperature,
model parameter settings can be found in Table 5.1. From the output of these models
we may calculate an overall accuracy which is 88% which would be acceptable
for use on a real problem where an automated connection needs to be made. In
this section we present the result for these support vector machine models for the
subproblem they performed the best for. We also compare the methods with and
without the string feature.

Let us first study Figure 5.17 depicting the accuracy for each model trained on each
subset. The difference between using the string feature (in blue) and not using it
(in red) is striking. For the first three subproblems the difference in accuracy is
about 15 percentage points while for the fourth subproblem, where CO2 signals are
compared to temperature signals, the difference is over 30 percentage points. This
is a strong indicator of the importance the path and name hold. To not use this data
for the association problem in some way would probably be a waste. What may be
noticed if we compare the result for the support vector machine models that utilises
the string feature is that all of them perform better than for the test data. From

91



Chapter 5. Association: results and discussion

Figure 5.17 Accuracy for the best support vector machines found for each subproblem
evaluated on the evaluation set. The blue dots represent models with a name and path com-
parisons as an input feature and the red without. There was a large drop in accuracy for
models not using the strings. Comparing with previous figures depicting accuracy, there also
were an increase in accuracy for the evaluation set compared to the test set.

Figure 5.1, Figure 5.5, Figure 5.9 and Figure 5.13 we find that the accuracy for the
subproblem with humidity signals is about 96%, for the one including luminosity
it is 92%, for PIR it is about 80% and for temperature it is 85%. Clearly, we see
better results for all but for the luminosity subproblem. This could indicate that the
evaluation set has nice examples for most of the models which they have found
good patterns for and it also hints that the evaluation set might be much too similar
to both the training and test set as mentioned before.

For specificity, seen in Figure 5.18 we notice the greatest difference for any models
so far. The models that do not include the path as a feature are clearly having trouble
with the signals that do not belong together. The low value tells us that these models
have a tendency to couple signals that do not belong to the same equipment. This
can also be concluded from Figure 5.19 where the wrong per right metric may be
studied. The difference is also here striking. Overall the models that do not use the
path as a feature tends to connect 8 incorrect signal couples for every 10 signal
couples. The corresponding number for the models that do utilise the path is less
than one incorrect guess per 10 examples.

Finally, we come to examine how the models perform in the ROC graph seen in
Figure 5.20. Once again, it is obvious that the path feature plays a key role.
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Figure 5.18 Specificity for models presented in Figure 5.17. The models not taking strings
into consideration had significantly lower scores, indicating a tendency of matching signals
not belonging together.

Figure 5.19 The ratio between the number of wrong guesses and the number of correct
guesses for the best support vector machines. Just as in Figure 5.18 it was clear that the
models with strings tended to couple signals which did not belong together.
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Figure 5.20 The ROC curve for the best support vector machines trained presented in this
section. The string comparison makes a clear difference for the better.

Table 5.2 String models for Dataset C.

Overview of string comparison models on Dataset C
Model Threshold

1 0.80
2 0.85
3 0.86
4 0.87
5 0.88
6 0.89
7 0.90
8 0.91
9 0.92

10 0.93
11 0.94
12 0.95

5.2 Data set C

In this section we present the results of the string comparison method implemented
for the association problem on Data set C. In Table 5.2 we see the different thresh-
old values for the different models. The corresponding recall values can be found in
Figure 5.21. As expected the accuracy decreases as the threshold value is increased.
This is reasonable as the threshold sets the value for when two strings are consid-
ered equal enough to belong in the same equipment. As this threshold is increased
the requirement on how alike the strings must be to be classified as "Belongs to-
gether" rises. Pairs that do belong together but have not got similar strings enough
are missed hence the lower accuracy.
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Figure 5.21 Accuracy for the string comparison models trained on Data set C. As expected,
the accuracy decreased with increasing threshold value.

Figure 5.22 Specificity for the models presented in Figure 5.21. As less signals were
wrongly included int he same group with an increased threshold the specificity increased
with the threshold.

In Figure 5.22 we can see the specificity of the models. This metric increases as
the threshold increases which is due to less signals being wrongly included into the
same group. The desired outcome of recall and specificity is that both measurements
should be as high as possible. For this method it is a hard trade off. Some of the
stronger contenders would be models 2-4.
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Figure 5.23 The ratio between the number of wrong guesses and the number of correct
guesses for the best string comparison models. As for specificity in Figure 5.18 the result is
getting better with higher threshold.

In Figure 5.23 we find how many times the model guesses wrong divided by how
many time the model guesses right on an equipment pairing. This also decreases
with an increasing threshold value which, for the same reasons as listed above, can
be expected. Here model 2 receives a score of around 2.3 meaning that for every
correct match 2.3 wrongly once were made by the algorithm. This is a bit higher
than what we would like and to end up at only having a 1-1 ratio we need to regard
model 6. The accuracy for model 6 was although much lower than what we would
like, only about 53%.

In Figure 5.24 we find the ROC curve for the string comparison method. These
results should be above the line y = x. And so it is for most cases. An optimal
model, guessing everything right, would be seated in (x,y) = (1,0). It is clear that
model 2 ends up far from this point however it is definitely in the right quarter. From
the ROC curve models 3 and 4 perform approximately equally well.

Clearly it has been hard to decide which model is the best for this method. The
answer will depend on the main objective and the requirements one has for the
method. To decide what is an acceptable rate of the wrong per right metric could for
instance be a good start but without this kind of decision made it is impossible to de-
duce which model was the best. What might be wise to remember is that one of the
threshold values used here could give very different results for signals with names
and paths named after another naming convention than the one used for Data set
C. If one would tune this parameter on one building and then use this method with
tuned threshold on another building, with another BMS, the performance could, in
the worst case, end up pretty bad.
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Figure 5.24 The ROC curve for the string comparison models. No model performed bril-
liantly, but all models were in the top right quarter of the unit square with model 3 and 4
being the best ones.

97



6
Conclusions

6.1 Data sets

The data available for this project has caused some issues. Due to the similarities
in training, test and evaluation sets it is hard to create generalised models. This is
caused by a few things but mostly due to only having access to one building in each
classification system for most data sets. In these cases, it is possible to train models
on the buildings, but hard to corroborate on the classification system. It is perhaps
even truer for Data set C where the signals were split into many windows, making
the individuals even more dependent on each other.

For Data set B and C we have also had unbalance between the classes and equipment
which can be seen in Table 1.2, 1.3 and 1.5. Without countermeasures the algorithms
could improve their performance by simply guessing on the most common type. We
have dealt with this by weighting the types differently depending on how common
they are. It is unclear from this thesis how a fully balanced set of signals would
impact the solutions.

6.2 The classification problem

In Table 6.1 we see a summary of the results for the different models on the data
sets. We see clearly that we have been unable to solve the classification problem to
full satisfaction for all data sets, i.e. we have not for all data sets achieved a top one
accuracy above 80%. This is the required accuracy for a fully automated classifica-
tion process. To have a semi-automated process where the solution generates class
suggestions could however still speed up the work with connecting the BMSs and
analysis systems significantly. What we have been able to show is that machine
learning methods are a feasible approach towards solving the classification problem
in, at least, a semi-automated manner. We believe that the proposed solutions hold
enough promise to merit further investigations.
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6.2 The classification problem

Table 6.1 Overview of the overall best performing models for each method on the classifi-
cation problem.

Best results for the classification problem

Data set Method Accuracy top one
/%

Accuracy top five
/%

Accuracy diff
/percentage points

A Random forest 100 - 0.0
Gradient boosting 100 - 0.0
Neural network 99 - 0.4

B1+2 Random forest 85.0 98.8 9.5
Gradient boosting 85.0 98.1 10.3
Neural network 75.0 94.5 -11.6

B2 Random forest 63.2 88.9 29.6
Gradient boosting 60.2 90.7 33.2
Neural network 72.8 92.0 -1.5

C Random forest 59.8 92.9 10.3
Gradient boosting 61.0 93.1 7.0
Neural network 57.0 92.7 2.8

For Data set A no signs of overfitting could be seen for any model and the accuracy
for top 1 guess spanned 99-100%. Even if the data set is simple, only consisting
of five classes, this still indicates that the methods used can solve the classification
problem extremely well if fed with the right information.

For the little more complex system in Data set B we could notice signs of overfitting
for training and test data from the same buildings. We also saw how this became a
bigger issue as data from a building not in the training set was introduced for in
the test set. By training and testing on different buildings in Data set B, we were
able to show that it is possible to introduce the algorithms to completely new data
and still receive useful results, especially for the neural network models that did
not overfit. Unfortunately, with random forest and gradient boosting models there
are problems with significant decrease in performance in this instance. We believe
this to be caused by overfitting and not having enough generalised data when only
training on one building.

Within buildings, in Data set B1+2, some of the gradient boosting and random forest
models still had a top one accuracy of about 85% but these models were overfitted.
Models that did not overfit, here only some of the neural networks, had an accu-
racy of about 75%. Corresponding numbers for accuracy top five was about 98%
for the gradient boosting models and 84% for the neural network models. Top one
accuracy is for all methods close to the requirement for a fully automated classi-
fication and the top three accuracies are high enough to imply a well performing
semi-automated classification process. Across buildings, i.e. for Data set B2, the
highest accuracy was of almost 73% for top one and 92% for top five belonging
to a non-overfitted neural network model. The top one accuracy may be compared
to the numbers presented in section 1.5 where Hong et al. in [Hong et al., 2015a]
achieved an accuracy of 92% within a building an 82% across two buildings. Their
accuracy scores are higher but since they only base their methods on six classes
and we are using 16 classes an accuracy of 75% within a building and 73% across
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two buildings is still a promising result. We may also compare the accuracy across
buildings for our model, 73%, to 63% accuracy which was achieved in [Hong et al.,
2015b]. Here the same data set is used and that our seemingly non overfitted model
performs almost 10 percentage points better points to the auspicious prospects the
methods used in this thesis holds.

For the target classification system in Data set C the highest top one accuracy was
of only 61% and was seen for both random forest and gradient boosting models.
It should however be noted that these models were overfitted and neural network
models, that did not show signs of overfit, only achieved a top one accuracy of about
57%. The accuracy is overall lower than what is required for a fully automated
classification process. However, as the best models had a top five accuracies of
93%, it is likely that these models could be used in a semi-automated solution.
To pick among five suggestions instead of over 50 class options is obviously less
cumbersome.

Going from Data set A to Data set B and finally to Data set C it is also clear that
the performance of the models is decreasing. The increase in data set complexity is
obviously a challenge for all methods. It can also be seen that for neural network
models the parameter choice is increasingly important.

We have proved that the feature importance varies over the data sets. It seems clear
that minimum and maximum value along with the mean of the data plays an im-
portant part over all three data sets. Gradient measures and the mean square error
between the data and a fitted polynomial also carry weight quite consistently over
the sets. It is however noticeable that the more complex the set, the more distributed
is the feature importance. It would be preferable to further investigate how differ-
ent combinations of feature sets would affect the result. As seen for neural network
model 6 on Data set A fewer features can improve the result.

For random forest and gradient boosting models it is harder to come to general
conclusions. We have seen little impact on either of the methods for either choosing
the square root or second logarithm of the total number of features for the number
of features considered for each split. We did however for Data set C see a decrease
in performance for random forest models if all features were considered. Neither
can we come to conclusions about which function to use to evaluate the split in
the trees as this varies over the data set and has very little effect anyway. As for
overfitting however, we can see for Data set C that it decreases when increasing
the number of samples required for a node to split or be a leaf node. For gradient
boosting overfitting seems to increase with the number of boosting steps, but also
be strongly affected by the learning rate.

For the neural network a structure of six hidden layers consisting of 40, 60, 80, 80,
60 and finally 60 neurons were especially favourable for getting an overall good
performance. With this structure the accuracy difference was best for dropout rate
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6.3 The association problem

Table 6.2 Overview of the overall best performing models for each method on the associa-
tion problem. For SVM the average results for all best model is presented.

Best results for the association problem

Method Data set Accuracy
/% Wrong per right

SVM with path and name A 98.0 0.4
SVM without path and name A 77.0 4.5
String comparison C 56.0 1.6

0.3 but considering the other performance metrics we would deem that a dropout
rate of 0.1 would be preferable. This might still need further investigation since test
and training sets are much too alike. From the tests performed it also appears as
if Adam is the optimiser to prefer and leakyReLU is the best activation function
among the tested alternatives.

We can conclude that neural network models generally overfit less or roughly speak-
ing as much as random forest and gradient boosting models. For less complex data
sets, random forest and gradient boosting do better, but neural network clearly gen-
eralises better.

6.3 The association problem

Results on the association problem are varying which can be seen in the presenta-
tion of overall results in Table 6.2. On Data set A we have found that the imple-
mented solution with support vector machines performs quite well, in fact on all
comparisons it is possible to find a model with an accuracy over 80% on the test
set. However this solution quickly becomes very complex and hard to implement
on classification systems with less structure or more flexibility as the assumption is
that it is always possible to find a certain signal type within an equipment, i.e. that a
Boiler equipment would always contain a measurement point of type Outlet water
temperature. We believe that more knowledge about the BMSs and classification
systems is required to create a smart signal division.

As the best performing models were also trained without the path name as a feature
we could clearly see the importance of that feature. Not using the path and name
in any way would probably be a waste of the valuable information that, for us,
increased accuracy more than 15 percentage points. One remark needs to be made
however, the naming convention created for Data set A was a very nice one. To
see exactly how much information can be gathered from the path and name for this
method further investigation and more data with a more realistic naming convention
would be required.

For the string comparison method implemented for Data set C we conclude that
these strings hold a significant amount of information. It is however impossible to
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come to general conclusion as the strings can differ significantly between buildings.
String comparison is probably not a valid method to exploit in a real-life situation
as it is, but could possibly be used in combination with other methods.
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7
Future work

7.1 Data sets

One limiting factor during this thesis has been the data sets. For machine learning
to be general the algorithms need general data which means several examples from
all signal and equipment types and data from several buildings. We believe that, to
continue with the work we have done, it will be imperative to increase the amount
of data. Ideally, enough data would exist to perform tests on the following premises:

• Training on one building and testing on the same. This is a basic test where
models may overfit without clear signs being revealed by the testing them
on the test set. However, if good results are not attained here, they cannot be
expected for more complicated test cases.

• Training on one building and testing on one other building. This test would
show whether the model overfits or not, but with training on only one building
it would be hard to create a generalised model.

• Training on a set of several buildings and testing on individuals from one
building within the set. Training on several buildings should give a more gen-
eralised model and testing on a known building should still give good results.
However, signs of possible overfitting might remain hidden.

• Training on a set of buildings and testing on one building not in the training
set. This is the ideal test case and the one that most fully replicates a real-life
situation. A good result on this test case indicates a very generalised model
without overfitting.

As briefly explained in section 3.2 we have used functions within the method to
handle unbalanced data set, i.e. a different number of individuals in each class,
with weighting errors from classes differently. We think it would be interesting to
investigate what difference a perfectly balanced training set would result in, i.e. a set
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where there are the same number of individuals belonging to each class. A perfectly
balanced set is the ideal for machine learning, but the problem with an unbalanced
set should in theory be compensated for by weighting the feedback from the loss
function.

Finally, we think that it could be promising to investigate other window lengths.
For the results presented in chapters 4 and 5 we have used data windows spanning
over two days and sampled with five minutes interval. One would hypothesise that
longer windows could contain more information and therefore be beneficial to the
algorithms. Nevertheless, this must be weighed against the practical aspect. The aim
is that the final project of this work should be deployed fairly quickly in any real-life
situation and costumers should not have to collect data for months in order to use it.

7.2 Classification

As demonstrated in Table 1.3, Data set C contains a number of classes of status
types, e.g. ExhaustFanStatus and SupplyFanStatus. These types are a feedback sig-
nal from an actuator to a controller on what status it has. In a correctly functioning
system these types have the same value as the corresponding run type, e.g. Exhaust-
FanRun and SupplyFanRun, which is the signal from the controller to the actuator.
This means that the types are impossible to statistically separate from each other.
We therefore propose to remove the status types, or to combine status and run types,
and see if the result is improved. There could be other signal classes which are to
similar to be statistically separable. This theory is supported by the low top one ac-
curacy and high top five accuracy for Data set Cespecially, which indicates that all
models trained for this data set confuses some classes with other classes. A study
of which classes the models fail to separate would be of interest as this could be
used for designing features holding better information separating these classes. A
first step in this work could be analysing the confusion matrix for each model.

For neural networks we have clearly demonstrated that the parameters and the com-
binations thereof greatly affect the results. If one wishes to continue study neural
networks it is therefore important to continue testing this. One should also note that
the neural networks parameters we have tested are in no way all possibilities for
neural networks in KERAS. We would especially recommend further looking into
different optimisers and activation functions and try different structures of the net-
work.

From this thesis it has become clear that different feature sets and different features
had varying impact on the decision making for the random forest models. Hence, we
believe that much can be gained from further investigation of the impact different
constellations of features have on the methods. It might also be wise to further study
the features themselves and see if they could be improved by adding new ones. For
instance, we believe that a feature providing information on whether an individual
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only takes integer values could be of interest. Another possibly good feature could
be the unit of the measurement. We also came to think of how seasonal variations
affected signals especially those connected to indoor and outdoor temperature and
therefore a feature containing information of the season could be of use. Finally, it
could prove useful to couple certain metrics, such as mean value and variance, to
specific hours such as in or outside office hours. We believe this could be signifi-
cant since we for some signal types have seen a clear difference during these times
while for others the difference has almost been unnoticeable. If one wishes to utilise
the office hours one does need to remember that data might need to be adapted to
the time zone in which the building is located, otherwise the feature will have no
reasonable meaning. We also noticed that the feature holding information on the
mean square error for a fourth order polynomial mapped to the data was important.
It might therefore be interesting to see if other orders of polynomials or maybe even
other functions mapped to the data could be just as useful.

Together with feature exploration it would also be interesting to examine whether or
not the models and methods find different connections within the data. This could
for instance be seen if the classes that the models are most sure of differs between
the models. One way to do this is to combine the predictions from different mod-
els, perhaps in a weighted fashion, and thereafter see whether the overall result
increases, similar to what was suggested in [Hong et al., 2015b].

As we could see for the association problem and in [Balaji et al., 2015] and [Hong et
al., 2015b] the signal paths and names seemed to contain much information. We be-
lieve that it would merit investigation to combine a machine learning algorithm with
a string comparison for the classification problem as well. One way of doing this
would be to let a machine learning algorithm predict a class for all individuals in the
set. Depending on how sure the algorithm was on the class the individuals can then
be divided into those considered labelled with certainty and those requiring further
examination. The string comparison could then be done through finding similarities
within signal paths and names among individuals deemed correctly classified and
then comparing these to the signals not labelled with enough certainty.

One other feasible approach to combine algorithms is to divide the types into bigger
groups, for instance sort all different types of temperature signals into one group
and all status/run signals into another, and then let one algorithm classify signals
into these groups. This could then be combined with a more specialised algorithm
which could train on classifying classes within each subgroup. If this is to be tested
we believe that a random forest or gradient boosting model would be good for the
first partition and neural network for the more specialised subgroup classification.
A random forest or gradient boosting model could be preferable for the coarse par-
tition since they had such high accuracy for the data sets with fewer classes where
the differences across classes were great. Another advantage for these methods was
also the shorter training time compared to neural network. Neural network can find
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more complicated correlations and would therefore probably perform better on the
subgroups which might be harder to distinguish for each other.

Finally, it could prove successful to test out other classification methods than those
mention in this thesis. We do however believe that the best solution will come from
somehow combining techniques that find varying information in the data.

7.3 Association

As we could see in chapter 5, the signal paths and names seem to contain infor-
mation useful in the association problem. We believe that it is possible to further
investigate this and either combine a string comparison method with some other
method or possibly find some other method capable of retrieving the interesting in-
formation in the strings. It is however important to remember that any such method
needs to be independent of how signals are named, as this differs greatly between
BMSs, and instead focus on correlation between strings.

With more knowledge about the BMSs and classification system it should be possi-
ble to further develop the features for this problem. We have focused on statistical
events and when they occur, but it is likely that there are other things worth con-
sidering. One issue for us with this problem is that we could find no other way to
find correlations between signals than a direct comparison. This is computationally
heavy, and grows fast with the data as all individuals must be compared with each
other. One big improvement would therefore be to exclude this from the process,
either by smarter features or finding a way to limit the amount of comparisons nec-
essary.

It could be feasible to investigate other methods for this problem. One method
considered, but which had to discarded, was clustering the signals. In a clustering
method, which is unsupervised, individuals are grouped by proximity in some fea-
ture space. We found it hard to come up with features that worked well for this type
of method. However, with features that place signals belonging to the same equip-
ment close to each other this type of method could work well and eliminate the
need for calculating the difference between all signals. It could also be reasonable
to explore clustering on the signal paths and names.

One final option we have briefly discussed, is removing as much of the class be-
haviour as possible from the signals by creating time series models for each class
type and then perform association on the residuals between each individual and
the time series model. This requires more computations, but could possibly be an
important step when preparing the data for the association problem. Such prepro-
cessing could become significant if clustering methods are to be used, this since the
behaviour in signals are more similar for signals belonging to the same class rather
than equipment.
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