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Abstract

Replacing Setpoint Control with Machine
Learning
Model Predictive Control Using Artificial Neural Networks

Emil Dahlberg
Mattias Mineur
Linus Shoravi
Holger Swartling

Indoor climate control is responsible for a substantial amount of the
world’s total energy expenditure. In a time of climate crisis where a
reduction of energy consumption is crucial to avoid climate disaster, in-
door climate control is a ripe target for eliminating energy waste. The
conventional method of adjusting the indoor climate with the use of
setpoint curves, based solely on outdoor temperature, may lead to no-
table inefficiencies. This project evaluates the possibility to replace this
method of regulation with a system based on model predictive control
(MPC) in one of Uppsala University Hospitals office buildings. A pro-
totype of an MPC controller using Artificial Neural Networks (ANN) as
its system model was developed. The system takes several data sources
into account, including indoor and outdoor temperatures, radiator flow-
line and return temperatures, current solar radiation as well as forecast
for both solar radiation and outdoor temperature. The system was not
set in production but the controller’s predicted values correspond well
to the buildings current thermal behaviour and weather data. These the-
oretical results attest to the viability of using the method to regulate the
indoor climate in buildings in place of setpoint curves.
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Handledare: Mats Daniels, Dilushi Piumwardane, Björn Victor och Tina Vrieler
Examinator: Björn Victor



Sammanfattning

Bibehållande av inomhusklimat står för en avsevärd del av världens totala energikon-
sumtion. Med dagens klimatförändringar där minskad energikonsumtion är viktigt för
den hållbara utvecklingen så är inomhusklimat ett lämpligt mål för att förhindra slösad
energi. Konventionell styrning av inomhusklimat använder sig av börvärdeskurvor, ba-
serade enbart på utomhustemperatur, vilket kan leda till anmärkningsvärt energispill.
Detta projekt utvärderar möjligheten att ersätta denna styrmetod med ett system base-
rat på model predictive control (MPC) och använda detta i en av Akademiska sjukhu-
sets lokaler i Uppsala. En MPC styrenhet som använder Artificiella Neurala Nätverk
(ANN) som sin modell utvecklades. Systemet använder sig av flera datakällor däribland
inomhus- och utomhustemperatur, radiatorslingornas framlednings- och returtempera-
tur, rådande solinstrålning såväl som prognoser för solinstrålning och utomhustempe-
ratur. Systemet sattes inte i produktion men dess prognos stämmer väl överens med
tillgänglig väderdata och husets termiska beteende. De presenterade resultaten påvisar
metoden vara ett lämpligt substitut för styrning med börvärdeskurvor.
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1 Introduction

1 Introduction

Buildings are responsible for about 30-40% of total consumed energy in the European
Union, and about half of that is spent for controlling indoor climate [9], and the envi-
ronmental impact of buildings has surpassed that of industry and transportation glob-
ally [32]. The majority of buildings use old technology to control indoor climate which
in comparison to newer strategies waste energy [3, 38]. It is possible and therefore
important to improve the energy efficiency of buildings if we want to combat climate
change. This report explores a more efficient approach to controlling indoor climate,
using predictive control based on machine learning.

Since the 1990s, powerful general purpose computers are widely available. This allows
us to use existing large-scale data collection to can train a machine learning algorithm to
learn how buildings behave and adapt the heating according to future behaviour. Com-
bining such a machine learning algorithm with a modern control strategy has the poten-
tial to greatly improve energy efficiency and lower energy consumption [4]. Intuitively,
it’s as if you bring an extra jacket before going outside, as you know it will be cold later.

The County Council of Uppsala (Region Uppsala) is interested in evaluating the feasi-
bility of applying such a control strategy to their existing hardware configurations. The
County Councils current buildings in the Uppsala University Hospital is controlled us-
ing a setpoint curve, which depends only on outside air temperature. These need to be
adjusted manually periodically to maintain appropriate heating. The machine learning
based controller could factor in more variables such as solar radiation and current inside
temperature to control heating more efficiently and therefore reducing energy usage.
Furthermore, such automatic system would remove the need for manual adjustments as
well as leading to faster adjustments hopefully reducing energy waste.

The goal is therefore to install a machine-learning based controller in one of their houses
in the Uppsala University Hospital campus and evaluate the potential benefits. At the
time of publication, the system has not been put into production. However, the use of
model predictive control in conjunction with artificial neural networks shows promising
results in predicting and regulating indoor climate, as research using the technique has
shown results ranging from 6% to 40% energy reduction[4].

The resulting R2 value of the models produced in this project were 0.988 and 0.995,
which is promising. Simulated results show that the controller is stable and viable for
further development.

Acknowledgement We would like to extend our gratitude towards Marcus Nygren
at Uppsala County Council, who has dedicated much of his time towards this project.
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2 Background

His continuous feedback and encouraging attitude has been instrumental in driving this
project forward.

2 Background

This section covers necessary background information needed to understand the prob-
lem being solved and the method of solving it. The goal of controlling indoor climate is
to keep the indoor climate comfortable, so introductory knowledge of thermal comfort
is covered. There exists different strategies to achieve a comfortable indoor climate,
and the most common strategy as well as a more promising alternative is covered. As
the project aims to replace a set-point curve with a supervisory machine-learning based
controller, topics including control theory and machine learning is covered, as well as a
way of combining the two.

2.1 Indoor Thermal Comfort

Managing indoor climate means keeping conditions like temperature and air quality at
comfortable levels, i.e maintaining thermal comfort. Thermal comfort is defined in the
ISO 7730:2005 standard [26] as “that condition of mind which expresses satisfaction
with the thermal environment.”, i.e the conditions in where people feel neither too hot
nor too cold. The standard takes into account air temperature, mean radiation temper-
ature, airflow, humidity, clothing and activity level to determine if a certain thermal
climate is perceived as comfortable or not [37].

When controlling indoor climate, the goal is to maintain thermal comfort and minimize
dissatisfaction for the people residing in the building. This is done through controlling
the heating, ventilation and air-conditioning (HVAC) units installed in public buildings.

Due to individual preferences, perfectly comfortable temperatures cannot be guaranteed
for every occupant [29]. This raises some ethical issues in the choice of which group
to disregard. The strictly pragmatic approach from an energy perspective would simply
be to let people who prefer a warmer climate be uncomfortably cold, but this has the
risk of discriminating towards women as they are generally more sensitive to colder
thermal climates [18]. Common practice is to try to minimize the number of people
who experience thermal dissatisfaction. Predicted percentage of dissatisfied (PPD) is a
quantitative prediction of the percentage of occupants likely to feel either uncomfortably
warm or cool. According to the ISO standard PPD may be a maximum of 20%. That
is to say, to be in accordance to the ISO standard a maximum of 20% of occupants are
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2 Background

Figure 1 Example of a setpoint curve which correlates outside temperature with flowline
temperature. As an example, in the case of measuring 0◦C in outside air temperature,
the setpoint curve would determine that flowline temperature should be set to 51◦C.

permitted to experience thermal discomfort [26].

2.2 Controlling HVAC Systems

An HVAC system is a group of components which transfer heat and air to or from cli-
mate controlled spaces [35]. Examples include indoor fans, cooling coils and radiators.
This project is concerned exclusively on the heating of buildings with the use and con-
trol of hot water radiators. The simplest means of control of an HVAC system is on/off
control. An example of this is a simple thermostat, which is active when the tempera-
ture is lower than desired and off otherwise. As the size and complexity of the HVAC
system grows a more common approach is to control by adjusting a so-called setpoint
curve [17]. The setpoint curve is defined by several data points representing the rela-
tionship between outside temperature and the temperature in a radiator loop. I.e, for a
given temperature, the setpoint curve determines the desired temperature of the water
flowing to the radiators, the flowline temperature, see Figure 1 for an example.

3



2 Background

A setpoint curve is a form of managing an automatic controller. Automatic control im-
plies controlling a system, in this case HVAC systems, with an automatic programmable
controller, often a computer or some embedded device. What constitutes ideal proper-
ties of control depends on the situation, but in the case of heating a room, the following
is crucial [10]:

• Tracking a desired temperature. If the controller doesn’t track the temperature
well the room temperature will deviate from the desired temperature. Imagine for
example if the reference is set to 20◦C, but the controller keeps the room at first
21◦C, and then 18◦C, and then settles at 22◦C. Such a controller does not track the
desired temperature well.

• Quickness, so that the room reaches the desired temperature as quickly as possi-
ble. A slow controller could theoretically track well, but if it takes half a day to
heat the building to a desired temperature the controller is not very useful.

• Stability, so that the room settles at some temperature instead of ever increasing
or decreasing temperature. An unstable heating system would derail and could
for example never stop heating the room, leading to energy waste and discomfort.

• Tolerance to disturbances. The impact of factors like sudden drops of air pres-
sure should diminish over time. This is especially important as disturbances can
take many forms. Examples include difference in measured and actual outside
temperature, someone opening a window, computers heating the room, and so on.

Implementing automatic controllers can be done through different control strategies.
The most used control strategy is proportional-integral-derivative (PID) control[30].

2.2.1 Proportional-Integral-Derivative Control

A PID controller is an automatic controller which works by altering the input according
to the current error, where the error is defined as the difference between desired and
actual output[10]. In the case of heating a room, the error is the difference between
desired temperature and measured temperature. The input can be altered proportionally
to the current error (P), proportional to the past of the error (I) or proportional to the
rate of change of the error (D), see Figure 2. A setpoint curve simply determines what
reference a controller, often a PID controller, should strive towards. PID controllers are
relatively simple compared to more advanced control strategies such as model predictive
control (MPC).
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Figure 2 Overview of PID Control. Top block is proportional, middle
block is integral (past) and the bottom block is rate of change. Source:
https://microcontrollerslab.com/wp-content/uploads/2019/01/2-PID-block-
diagram.png

2.2.2 Model Predictive Control

Afram et. al. describes a problem with HVAC systems in their 2016 review[3]:

Heating, ventilation and air-conditioning (HVAC) systems are very complex
and non-linear systems due to the interaction of a large number of subsys-
tems (e.g., chillers, boilers, heat pumps, pipes, ducts, fans, pumps and heat
exchangers) and thermal inertia of the buildings.

Due to the non-linearity of HVAC systems the use of a different control strategy called
model predictive control has been explored as an alternative to PID control [4]. MPC is
a control strategy that makes use of a model of the controlled system in order to make
predictions of its future behaviour when tuning some parameter. The controller simu-
lates the systems output while varying inputs resulting in multiple possible outcomes.
These are then evaluated to find the optimal solution, i.e. the solution with the lowest
cost. See Figure 3 for a visual explanation.

Cost is expressed as a function of desired output and actual output, akin to error, but
weighed differently. A cost function for a heating system could for example attribute a
very high cost to increased energy consumption and a low cost to error in temperature.
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Figure 3 Overview of MPC control. The MPC controller uses an internal model to
iteratively optimize what the next output should be.

Then, a controller which lowers energy consumption has a certain cost, and a controller
that lowers energy consumption without increasing temperature error has an even lower
cost.

MPC controllers makes predictions over a timespan called a horizon, divided into dis-
crete time steps. For example, an MPC controller could simulate how a room heats up
over the course of the following five hours with a precision of 5 minutes, resulting in
60 time steps. The smaller the time steps, the better the result [3]. Computational load
increases with smaller time steps, and as such a balance of speed and accuracy has to be
found.

Efficient MPC controllers rely on having a good model of the system that is being con-
trolled. In the case of heating a building, the system exhibits non-linear behaviour whose
intricacies depend on factors such as room layout of the building, the thermal inertia of
building materials used, current and future weather conditions in the area and what spe-
cific HVAC units are installed. Modeling such behaviour through analysis is possible
but doesn’t scale well to other buildings [3]. A different way of modeling a system is
through observing it’s behaviour over time and using machine learning methods to learn
how the system behaves. Amongst machine learning models often used for prediction
we find artificial neural networks.
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Figure 4 Image of an artificial neural network with an input and output layer, with one
hidden layer. Here, circles represent neurons and arrows represents a link from the
output of one neuron to the input of the next. This particular ANN has three inputs and
two outputs. Source: https://en.wikipedia.org/wiki/Artificial neural network

2.3 Predictive Modeling with Artificial Neural Networks

Artificial neural networks (ANN) is a class of machine learning models which consist of
a number layers of neurons, modeling neurons in brains, see Figure 4. ANN’s consists of
an input layer, an output layer, and often a number of in-between hidden layers [16]. The
layers are linked through different weights. The value of a neuron is some combination
of it’s linked neurons, where the combination depends on what type of neural network
it is [6].

Determining these weights is done by training the neural network [6]. Training entails
changing the weights of the different links depending on some data. A neuron corre-
sponding to a factor that appears to be very important for the final result, for example
outside temperature, would be weighted heavily leading to it having a greater impact
on the outputs of the network. Neural nets can be trained by giving some inputs to the
network and telling it what the output should be, and adjusting the weights thereafter.
This is called supervised learning.

Neural networks can model non-linear conditions [31] and is as such a good fit for
the purpose of modeling a thermal system like a building. It can therefore replace an
analysis-made model that an MPC control strategy typically employs. To do so requires
a lot of varied and non-biased data that the model can be trained on, using supervised
learning.

7
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2.3.1 Hyperparameters

When talking about neural networks, a hyperparameter are design parameters chosen
prior to training that affect the performance of the neural network. Examples include
how many layers, how many neurons per layer, and so on. In practice, a trial-and-error
approach is sufficient to find a good combination of hyperparameters [7].

2.4 Programmable Logic Controller

Industrial and building automation relies heavily on computers to manage tasks that
needs to be repeated over and over with high precision. These computers, called pro-
grammable logic controllers (PLC), replace what was previously achieved by relays,
switches and timers. Therefore, the hardware requirements posed on them are often
not as high as in general purpose computers [13]. A PLC takes input from, for exam-
ple, sensors and switches, and depending on some predefined logic controls the output.
The logic is programmed and stored in memory and executed by an internal processor.
Lastly some sort of communication is needed to write and load new logic and send sta-
tus data, for example a serial interface or a network card. In the context of building
automation and HVAC systems these PLCs are mainly used to control appliances such
as water pumps, valves and ventilation fans.

3 Purpose, Aims and Motivation

The County Council of Uppsala manages all buildings which belong to the public
healthcare sector in Uppsala, including Building M (see Figure 5) on the Uppsala Uni-
versity Hospital campus. Building M has it’s heat-exchanger controlled through a set-
point curve. The Region is interested in seeing if it’s possible to install a controller
that replaces the setpoint curve, to increase cost- and energy-efficiency while reducing
maintenance. They hope to achieve this by using a controller that takes details like the
thermal inertia of the buildings into account with the hope of saving labour and mainte-
nance costs as well as reducing wear and tear on the buildings.

This project evaluates an application of recent research about MPC using an ANN as
it’s system model to create a supervisory controller that is more energy efficient, less
labour intensive and can handle the non-linear conditions better than manually adjusting
a setpoint curve. The goal of the system to be evaluated is an ANN-MPC controller
that can efficiently control the temperature set-point of Building M while maintaining
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3 Purpose, Aims and Motivation

Figure 5 Building M at the Uppsala University Hospital campus. Photo: Linus Shoravi

thermal comfort. The system should also collect data and learn over time. The problem
is solved on a theoretical level already: see section 4.2. The major challenge of this
project is in implementing the controller on top of the existing hardware configuration
used at the hospital campus.

Improving energy efficiency and lowering maintenance costs of buildings is in the inter-
est of not only the County Council but also society at large. In 2017, the Swedish gov-
ernment set a goal that by 2045 the country will emit net zero greenhouse gases [23]. In
their 2018 climate report, the International Panel on Climate Change (IPCC) states that
to limit global warming to an average of 1.5◦C, global greenhouse emissions has to be
reduced by 45% compared to 2010 levels by 2030 [20]. To reach these goals reducing
the energy consumption from buildings is an important step in the right direction, as
a total of about 15% of energy-related carbon emissions are related to buildings [24].
This is related to two of the UN’s sustainability goals. Goal 9, “Industry Innovation and
Infrastructure”, which aims to promote inclusive and sustainable industrialization, and
goal 11, “Sustainable Cities and Communities”, which aims to make human settlements
inclusive, safe, resilient and sustainable.

3.1 Delimitations

The controller described in this report only handles a single heating subsystem of the
HVAC systems employed, and as such the ventilation has been omitted from this project.
This intentional delimitation aims to lessen the scope of the project by reducing the
different hardware it needs to model, thereby reducing complexity. Furthermore, we are
not using the methods of ISO 7730 to decide the temperature as our gathered data does
not include several of the variables required to determine thermal comfort according to
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ISO 7730. Instead the system focuses on maintaining a set temperature, determined by
the system user.

The project as a whole was chosen to be a prototype due to a few external delimitations.
First, acquiring access to relevant data is beyond our control, as the infrastructure is
maintained by the County Council. Therefore access to historical and current data was
delayed, which slowed down the development of the project. Furthermore, the system
used to access this data also accesses information considered sensitive, which prevents
us from getting live access directly. Rather, we got access to live data through extra
infrastructure that had to be set up during the course of the project, further delaying
the implementation. Second, the time interval of the historical data supplied to us was
greater than desired, resulting in reduced data quality. Third, even if the system became
production-ready, an evaluation is likely not possible within the timespan of this project,
as energy efficiency has to be measured during different seasons to get a fair assessment.
This is because it’s possible for the system to for example behave well during summer
but possibly not winter, and vice versa.

4 Related Work

In this section, examples of related work are reviewed. Relevant fields of knowledge
include: control theory, AI, machine learning, MPC and building-automation. Also
controlling HVAC systems and the intersection of AI and control theory is highly rele-
vant.

4.1 Review of MPC Control

Afram and Janabi-Sharifi (2014) review some MPC strategies to control HVAC systems
in [3]. The authors review recent major HVAC control strategies, and especially MPC
is reviewed in detail. The authors also review factors affecting MPC performance. The
authors reviewed simulated results which show that compared to a PI controller, an MPC
controller showed better response to rapid changes when controlling airflow.

In their 2010 report [22], Moroşan, et. al. covered a decentralized network of commu-
nicating MPCs. Their simulations show comparative results with lower computational
complexity than a centralized MPC controller. In their 2018 report, Gholamibozanjani
et. al. simulated an MPC control strategy to control different buildings with results
ranging between 12-57% cost reduction [11].

10



5 Method

From these reviews and reports, MPC showed promising results for controlling HVAC
systems. The results are based both on simulations and real world applications. They
do however use other system models than an ANN-based one. The project of this report
has in common with the above authors that it uses an MPC control strategy but differs
in the way system modeling is approached.

4.2 AI Based System Models

In Afram et. al. (2017) [4] different variants of ANN-MPC strategies are reviewed. The
review also contributes with an algorithm for training neural networks for an ANN-MPC
controller. The findings of Afram et. al. are centered around residential buildings with
a small amount of HVAC appliances. In this project only one heating unit is controlled
and the findings are as such relevant for this project, and the algorithm for training the
neural network is applicable to this use case.

In an article by Ferreira et. al. (2012), an ANN predictive control strategy was applied
to public buildings with estimated energy savings of greater than 50% compared to
the respective buildings earlier control strategy [9]. The article by Ferreira et. al. is
applicable to this project as it is similar in both goal and execution. Where they differ
is in application: Ferreira et. al. implemented their controller in a university building
in Portugal, whereas this project is evaluated on a different type of building in a very
different climate, which can lead to differing results.

Many different types of neural networks have been used for ANN-MPC control. In Fer-
reira mentioned above, the authors used a Radial Basis Function (RBF) network, and in
an article by Huang, Chen and Hu (2015) [14] a Non-linear Autoregressive with Exoge-
nous Inputs (NARX) network was used. This project utilizes a Multilayer Perceptron as
its ANN.

5 Method

To control indoor thermal comfort an ANN-MPC-controller has been implemented.
Since the controller is a software implementation, a programming language had to be
chosen. For this project Python was used, a choice that is explained below. The con-
troller itself requires a model of the house to control, which is provided by the ANN.
The ANN has also been implemented using Python and requires large amounts of data
for training. The data provided contained some anomalies however, like missing data
points and outliers which required processing for the ANN to work properly. Tech-
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niques for solving these issues and improving the data quality are also discussed in this
section.

5.1 Choice of Programming Language

The PLCs deployed in Building M are running Windows Embedded Compact as an op-
erating system, and the control software that is run integrates well with C++ and is con-
trollable through C++ programs. Therefore, any language that can call C++ programs is
a viable alternative for implementing the controller. Requirements on the program from
the County Council is that it is not vendor locked, easily taught to new staff and low
cost.

The Python programming language is the most popular according to the popularity of
programming language index, which measures the relative popularity of different pro-
gramming languages using Google Trends [5]. At the time of writing it is still growing
in popularity. Python has well-tested machine learning and statistics frameworks such
as Numpy [27] and ScikitLearn [28], both of which are open source.

The controller is not able to read and write directly to the PLC, since the it cannot in-
terface with Python. Python can however use functions written in C++ using something
called a Foreign Function Interface (FFI). This allows allows for a intermediate soft-
ware layer written in C++ to enable communication between the controller, written in
Python, and the PLC, see Figure 6.

The PLC used in the Uppsala Hospital Campus can also interface with C#. C# is a pro-
prietary language developed by Microsoft. Implementing a control theory library from
scratch for C# is outside the scope of this project and as an already existing implemen-
tation could not be found this option was discarded.

MATLAB is another possible choice for controlling the PLC. MATLAB was not chosen
for a number of reasons: it is a paid, proprietary product which requires a license;
it requires another, different paid license to interface with the PLC; it had not been
used previously by any technician currently employed at the hospital campus, and using
the language requires a hardware change that is only performed in PLC manufacturers
office in Germany. As MATLAB has a lot of drawbacks without solving any problem
that Python and C++ doesn’t solve, this option was also discarded.

Using only C++ is also possible. OpenNN [19] is a machine learning library for C++
and “The Control Toolbox” [12] is a control theory library for C++. C++ is also free
and open source. The reason that a C++-only approach was not used was due to a lack
of experience with the language and that the perceived user-friendliness of Python is
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Figure 6 Overview of the languages used to communicate between the MPC and PLC.
The controller is written in python, which through an FFI can communicate with the
C++ program which controls the PLC. The Pyads [2] library provides a such a high-
level interface for this specific brand of PLC in Python and is based on the C++ FFI.

greater than that of C++. Python is slower than C++ [21], but as the controller is not
time critical, execution speed is not a priority.

5.2 Choice of neural network

In their 2016 review, Afram et. al. [4] covers some different types of ANNs have
been used together with MPC controllers. The conclusion is that Multilayer Percep-
tron (MLP) is the most explored option, and as such it is the chosen architecture for
this project as well. Multilayer perceptrons have one input layer and one output layer,
with a number of intermediary hidden layers, just as described in section 2.3. MLPs
can have multiple inputs and multiple outputs. Other architectures are also covered in
the review, but we have left identifying the most suitable network for this project as a
future improvement. To note is that an MLP is not necessarily optimal, as mentioned in
Section 13.

5.3 Data Processing

Data is used to train an ANN. The quality of the data affects how good the resulting
ANN will work. Outliers in the data, missing values and non-normalized data are factors
that could affect the quality of the ANN. Such unwanted characteristics has to be dealt
with before training.

5.3.1 Removing Outliers

Outliers are data points that deviate far from any trend that can be observed in the data.
For example, consider a data set of room temperature that has data points within 23-25
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5 Method

◦C. If one data point then is at 12 ◦C, it can be considered an outlier. Outliers could
affect the performance of the neural network [15], and are therefore removed. Some
datapoints may be missing values due to for example hardware failures. Such datapoints
have to be handled separately.

5.3.2 Interpolating Missing Data

Another common data anomaly is missing data. Data points often contain multiple
values and sometimes values can be missing. This could be because of software or
hardware failure. For example if a temperature sensor breaks and cannot read during
some time frame, the value corresponding to that time frame will be missing.

This issue can be solved using interpolation. When using interpolation, the values in
a data set are represented with some function based on existing data. If a value is
missing, the function output can be used instead of an actual value. For example, in
linear interpolation the values before and after the missing values are used. Then a linear
function is then fitted between those value. Now an output value from that function can
be used as a value.

5.3.3 Normalizing Data

Certain datasets used for training machine learning models may need to be normalized:
if the inputs has varying orders of magnitude, the smallest ones may not be taken into
account when training a model[6]. The normalization used here is called standardiza-
tion, which transforms data such that it becomes centered with a standard deviation of
1, using the following formula:

Z =
x−mean(x)

std(x)

Where Z is the normalized dataset, and x is the original dataset. Empirical tests has
shown increased ANN performance when standardizing data, at the cost of execution
speed[34].
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Figure 7 An example of linear interpolation. Red points are measured datapoints,
while blue lines are linear interpolations. Source: https://en.wikipedia.org/wiki/Linear
interpolation

6 System Structure

The building this project is focused, Building M, on is located on the Uppsala University
Hospital campus. The system as whole can be divided in two main parts. The first being
the building itself and the second being the controller. In this section we will give a brief
overview of the building’s HVAC system as well as an in depth view of the controller
and its communication architecture.

6.1 The Building and HVAC System

The building is heated by radiators that are located along the outer walls. The radiators
are connected to a radiator loop which circulates hot water. The flow in the radiator
loop is unidirectional and therefore has two distinct sides. One side is supplying newly
heated water and is called the flowline, while the other side is called return line. The
return line water is colder since some of the heat has been used by the radiators to heat
the building. The building uses four radiator loops, one for each outer wall, all of which
connect to the main hot water loop in the basement where the entry point for the hot
water used is provided by district heating.

15

https://en.wikipedia.org/wiki/Linear_interpolation
https://en.wikipedia.org/wiki/Linear_interpolation


6 System Structure

The inside temperature of the building is regulated by controlling the temperature in the
flowline, the flowline temperature, for each of the four radiator loops. This is achieved
by adjusting flow from the main hot water loop to the individual radiator loops. The flow
of the radiator loops are regulated by pumps which are controlled by a PLC utilizing a
PID controller that tracks a reference temperature given by a setpoint curve, one for
each loop.

6.2 Controller Communication Architecture

The controller developed in this project, as mentioned in section 3, aims to replace the
setpoint curve with a better prediction based on more input parameters than just outside
temperature. When the controller is active, the PLC asks the controller for a reference
temperature which triggers a chain of events.

In order to predict an optimal flowline temperature, data on the current state has to be
gathered. Current flowline and return line temperatures as well as indoor temperatures
is fetched from an SQL database which is updated by the PLC. The controller also gath-
ers data on the current outside temperature and solar radiation. Outside temperature
and solar radiation is supplied by a weather station located on the Uppsala University
Hospital campus and is accessed using the MQTT messaging protocol, which is a pub-
lish/subscribe protocol. When the station measures new data it publishes it, i.e. sends
it to all its subscribers. When the controller recieves a new measurement it updates the
database, resulting in an up-to-date outside temperature and solar radiation. The Python
interface for the Paho-MQTT[8] library is used to interface with the weather station.

The last source of data used by the controller is the temperature forecast supplied by
Swedish Meteorological and Hydrological Institute (SMHI), and the solar radiation
forecast supplied by the Norwegian Meteorological Institute (MET Norway). The data
from SMHI is accessed by fetching a JSON-document from their open REST-API [36].
The data for solar radiation is fetched as an NC-file from MET Norway’s meteorological
archive THREDDS[25]. A package for reading JSON-documents is part of Python stan-
dard library and is used for handling the forecast data. Reading the NC-file is done with
the netCDF4 Python package[1]. The data gathered from all of these sources is used as
parameters to the ANN model used by the controller. See figure 8 for an overview.

The PLCs regulating the flowline temperatures in Building M are not able to execute
python code directly, as mentioned in section 5.1, but can interface with procedures
written in C++. The Python package Pyads [2] wraps these procedures and makes them
callable in a Python environment, enabling the controller to read and write to the PLC.
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Figure 8 Overview of communications used in control. The MPC gathers current data
and forecasts to make a prediction. The PLC periodically reads data and commits it to
the database.
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7 Requirements and Evaluation Methods

The system, when set in production, can be evaluated on two points: energy consump-
tion, and temperature tracking. Data on energy consumption of the building is gathered
continuously and it is therefore easy to compare energy consumption prior to and after
implementing the system. Data on inside temperature is also gathered. Evaluation of
how well the system tracks temperature compared to a setpoint curve is done by con-
sidering the average error from a reference before and after the system is implemented.
The system is considered faulty if the energy consumption goes up or thermal comfort
is not retained.

As the system will not be set in production during the time-scope of this project other
means of evaluation have been employed. The first being the performance of the ANN
model of the building’s thermal behaviour, the second being the run-time of the con-
troller when performing a prediction, and the third being evaluating simulated situa-
tions.

Evaluating the model when working with historical data can be used with the coefficient
of determination R2, which represents how close the network comes to predicting the
indoor temperature [33]. The cost as described in section 2.2.2 of the network is also
considered, where lower cost is better. The network is trained on 75 % of the data, the
training data, and then tested on the remaining 25 % of the data, the test data. The
R2 value is then calculated on the networks predictions on the test data and the cost is
retrieved from training the ANN, through ScikitLearns loss method.

The goal is for the system to make predictions once every hour. It is therefore paramount
that the run-time for such a prediction does not exceed one hour as this would lead to
the prediction being obsolete by the time it’s completed. However, the faster the system
is, the lower the hardware requirements will be. This enables usage of less powerful
hardware when set in production. Therefore shorter run-time is better. The method used
is to run a benchmark to get an estimate of how long the execution time of a prediction is.
The benchmark is run on a late 2013 Macbook Pro with 16 GB RAM and an i7-4558U
CPU running Manjaro Linux with the 5.5.19 Linux kernel. The benchmark consists of
20 predictions and taking the mean run-time.

Evaluating simulated situations can’t say anything about efficiency in real-world situ-
ations, but can give an insight to if the system behaves well, as defined in section 2.2.
Six simulated situations are considered. The situations consist of using historical data at
2019-04-12 12:00 and 2019-10-10 10:00 and analysing how the system behaves for the
following 10 hours if the room is 1. too hot, 2. too cold, or 3. at reference temperature.

Finally, the project as a whole can be evaluated on whether an assessment of the pro-
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totype system’s viability can be made. If all critical parts for setting the system in pro-
duction are successfully prototyped, the project as a whole can be considered a success.
If not, the project may still succeed if a conclusion as to what needs to change to get
the system running is made. The project as a whole only fails if the system cannot meet
expectations and no conclusion as to why is made. The system is considered viable if it
can gather all necessary data (current values and forecasts), make a stable prediction of a
flowline temperature, set the temperature by writing to a PLC. Other demands set by the
County Council is that the system learns and becomes better over time, is maintainable,
introspectable, not bound to a single entrepreneur, and can be overridden in case it be-
haves poorly. We determine maintainability and introspection if the system can provide
well documented and readily available source code and data, as well as reproducible
results. Other requirements are determined to be met if their respective functionality is
implemented.

8 Modelling Thermal Behaviour with ANN

For the controller to operate, it utilizes a model of the thermal behaviours of the building.
As mentioned in section 2.2.2, modeling this using an analytical approach is hard and
results in a non-linear model. Artificial neural networks was therefore used instead to
predict the thermal behaviour of the building. Two ANN’s were used: one for predicting
indoor room temperature and one for predicting flowline return temperature. This sec-
tion describes how the ANNs were designed, including data gathering and processing,
training of the ANNs and choice of hyperparameters.

8.1 Processing of the Data

The data used to train the ANN was provided to us by the County Council of Uppsala.
It contained room temperature, flowline temperature and return temperature. Each data
point occurred on a 6 hour and 23 minutes interval and spanned across April 9th to
December 31st 2019. In total the data set contained about 900 data points. The his-
torical data for outside temperatures and solar radiation was fetched from the weather
station mounted at the Uppsala University Hospital campus. The weather station has a
resolution of five minutes, however measurements were only taken once each hour.

The data acquired was gathered into a local database to enable querying using SQL.
This made fetching and inserting data substantially easier, facilitating easy data prepro-
cessing. It also helped with the recurring training of the network when current readings
was connected to the system.
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The data we received had four main issues. Firstly, it had some outliers, i.e datapoints
which held extreme values and didn’t represent typical conditions. These were removed
using a query to the database. Secondly, there was a big mismatch between time inter-
vals: one hour compared to six hours and 23 minutes. Thirdly, some data points were
missing data. Both of the these issues were solved using linear interpolation. Finally
the features had different ranges, and required normalization. The solar radiation ranged
from 0 to around 800 W/m2, while the outside temperatures ranged from -10◦C to 25◦C
and the flowline temperatures ranged from around 15◦C to 70◦C. These ranges became
centered around 0 with standard deviation of 1 after the data had been normalized.

8.2 Choice of Inputs and Hyperparameters

The goal was for the neural network to be able to predict the indoor temperature in
one hour. To do this it takes the current indoor temperature, outdoor temperature, solar
radiation, flowline forward and return temperatures and how many hours the flowline
has been active into account. These parameters will act as the input neurons for the
neural networks. The first network outputs a predicted indoor temperature in one hour
as the output neuron of the network. The other network takes the same inputs and
instead predicts flowline return temperature in one hour. In between the input and output
neurons there is an intermediate hidden layer of neurons. The decision to use two neural
networks instead of one which could predict both at the same time was made with
hyperparameters in mind. It was observed that the two networks perform better when
they are trained with different hyperparameters. One network predicting both can out of
necessity only have one set of hyperparameters.

Hyperparameters here include number of neurons in the hidden layer, number of hidden
layers, and regularization parameter. A trial-and-error approach of training the ANNs
on the same dataset with different discrete combinations of parameters used. The com-
bination of hyperparameters that provided the lowest cost after 10 iterations of training
was considered best. It was found that for both networks, any number of hidden layers
above one gave no benefit. For the room temperature network, 10 neurons in the hidden
layer with a regularization parameter of 0.0001 gave lowest cost. For the flowline return
temperature network, 50 neurons in the hidden layer with a regularization parameter of
0.01 gave lowest cost.
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9 Designing the Model Predictive Controller

The MPC is designed to output a flowline temperature that will help the building main-
tain it’s temperature. In this section the implementation of the MPC will be explained.
More precisely, the choice of objective and cost function, choice of horizon, and how
the controller makes use of the ANN model.

9.1 Defining an Objective/Cost Function

The MPC controller tries to optimize inputs using the ANN as a house model to find
efficient flowline temperatures, see figure 9. In order to determine what efficient means,
an objective was formulated, defined as minimizing a given cost function. The cost
function used is the mean squared error of the indoor temperature, which is set to track
21◦C. Scipy’s optimization library is then used to find input values to the ANN resulting
in an indoor temperature of 21 ◦C while minimizing the cost function. To prevent the
controller suggesting impractical results, such as very high or sub-zero temperatures,
the variables are bounded. The bounds are given by physical constraints of the heating
system, for example the flowline temperature cannot exceed 70 ◦C or go below 0 ◦C.
When an efficient flowline temperature is found this is then written to the PLC.

9.2 Choice of Horizon and Time Steps

Generally, because the horizon has an impact on performance and computational load,
it has to be chosen carefully. If the system is a self driving car, the computational load at
each time step has to be small to increase the responsiveness of the system. However, a
building is different since it has a lot of thermal inertia. What is important in this case is
that the controller makes good long term decisions. To do this, it is good if the controller
looks well into the future. Hence many long time steps was used in this system. More
precisely, each time step is 1 hour, and the horizon consists of 10 steps. In other words
the controller looks 10 hours in to the future when making a choice of what to set the
flowline temperature to.

10 Evaluation Results

The performance of the ANNs on the test data can be seen in Figure 10, and illustrates
the difference between measured temperature and the corresponding predicted temper-
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Figure 9 Visualization of the optimizer utilizing the ANN as a house model. The op-
timizer does several iterations resulting in better and better results. In this illustrated
example, the optimizer tries green input, followed by the blue, purple and red. The red
tracks best, and as such has the lowest cost.
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ature. The resulting R2 values from this test was over 0.99 for the room predictor and
0.988 for the flowline return predictor, with a loss (cost) of 0.003 and 0.215, respec-
tively. The result of the benchmark is a run-time of 27 seconds. The results of the
simulated situations are available in the appendix.

The prototype has all the needed parts for it to be set in production. The system can
gather current outside temperature and solar radiation from the weather station situated
at the hospital campus, and also read current flowline and building temperatures from
Building M. The system fetches forecasts, and makes predictions over a ten hour period
to find an efficient flowline temperature. The system can then write this value to a
PLC; it saves all read values and uses the data to learn over time. With the exception
of the C library needed to communicate with the PLC, the system only uses free and
open source software, and provides full access to source code. The system only pulls
information from public sources with a permissive license or sources owned by the
County Council. The code is documented and is written in Python, a commonly used
programming language. One part is not implemented: there is currently no way to
manually switch back to controlling the temperature using a setpoint curve if the system
was to fail or give poor results. This is a requirement posed from the County Council to
be used if the system is tested, but it’s not critical for the sake of making an evaluation.

With these results in mind, the assessment made is that the system is a viable alternative
to a setpoint curve, fulfills the expectations described in section 3 and section 7, and that
the projects goal has been fulfilled.
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Figure 10 Performance of the ANNs on the test data. Test data (orange) sorted by size
and the corresponding prediction (blue) made by the ANN. The datapoints are randomly
selected and as such the plot does not correspond to any specific time period.
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11 Results and Discussion

In this section two aspects described in section 10 are discussed, namely ANN perfor-
mance, runtime, discussion about simulated results, and determining system viability.
The projects success as a whole is discussed, and our thoughts as to why we got the
results we did is included.

11.1 ANN Performance

An R2 score of 0.995 and 0.988 is suspiciously good; In Afram et.al (2017)[4], the
best regressor received an R2 score of 0.972, using data gathered every five minutes.
As our data has far less non-interpolated datapoints whilst still achieving similiar re-
sults, this may indicate that our results are not useful for gauging real-life performance.
We suspect that this is due to interpolation. As mentioned in section 8.1, the data for
flowline and room temperatures was captured with a 6 hour and 23 minute interval be-
tween datapoints, and to make hourly predictions a lot of data was linearly interpolated.
Therefore, a majority of the data that the network is trained on is not necessarily rep-
resentative of real-world conditions and may contribute to the ANN learning incorrect
behaviours. This issue would be solved if more data with shorter time intervals between
the capturing of data points was introduced, thereby reducing or eliminating the need
for interpolated data points.

11.2 Runtime

With a runtime of only 27 seconds, it is apparent that predictions can likely be made
far more often than each hour, and with smaller time steps than an hour. The choice of
predicting only each hour was made because at one point in development, that was the
tightest interval of data we had access to, and the design decision stuck. Restructuring
the system to evaluate as often as every ten to five minutes could improve performance,
as was done by Ferreira et. al (2012)[9]. If so, the computational complexity increases,
and appropriately powerful hardware has to be chosen.

11.3 Simulated ANN-MPC Results

The simulated results shown in appendix A cannot reveal if the controller is efficient or
is giving reasonable values. If the results from the simulation exhibited instability or an
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inability to properly track the reference temperature however, it would clearly indicate
that the controller does not perform correctly.

The results seem to indicate that the controller is stable and not oscillating. In the
scenarios where the room starts off too cold or too hot, the simulations mean that the
room will be adjusted to the reference within an hour. Interesting behaviour can be
seen at hour 22:00 in the first scenarios: the controller lowers the flowline temperature
despite there being no solar radiation and that the outside temperature is at -1.9C. We
believe this is due to the data used to train the ANN. In Building M the flowline is turned
off at 21:00, and because the ANN is trained on how many hours its been active, it may
not know what to do as it has never been trained on being active after 21:00.

11.4 System Viability

Due to the system not being implemented physically in Building M at the time of writ-
ing, an assessment of whether the system is more efficient than a setpoint curve is not
possible. The prototype developed fulfills the technical demands to be applied in pro-
duction but whether it is better cannot be decided yet. We identified four reasons as to
why.

Firstly, as of the time of writing there is a global pandemic occurring. This slowed down
critical parts of the development process such as getting access to necessary training
data, and prevented us from seeing the current systems used in production until the
third week of April. Secondly, the time scope of this project is in any case too short to
evaluate whether the system is more efficient than a setpoint curve. As mentioned in
Section 3.1, even if there was a production-ready system in place at the beginning of
April the system should be tested during an entire heating season. Thirdly, the system
is missing infrastructure: it needs someplace such as an external server to run. Lastly,
as mentioned in Section 3.1, parts of the County Councils infrastructure is considered
sensitive and as such we cannot access it directly. For us to access the current readings,
workarounds had to be made. This delayed development slightly.

Despite not being able to gauge effectiveness, we deem the project successful. The
challenge of this project lies in implementation: it answers the question of “With cur-
rent infrastructure in mind, is it currently possible for the County Council to transition
to a machine-learning based controller” and the prototype shows that it is possible. As
covered in Section 4, research indicates that using an ANN-MPC is indeed more effi-
cient than the currently employed setpoint curve. The County Council is also willing to
go forward with implementing this type of controller, which speaks to the success of the
prototype. Suggestions of what remains to make the system production-ready, as well
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as improvements, is detailed in section 13. One critical requirement, the override, is not
implemented. We don’t see this as a problem

12 Conclusions

In this project, an evaluation of whether the County Council of Uppsala can incorporate
a supervisory ANN-MPC controller to replace their setpoint-curve based heating sys-
tem was made. Building M at the Uppsala University Hospital campus was chosen as a
target for evaluation. A prototype ANN-MPC controller was developed with the exist-
ing hardware limitations of Building M as well as the demands of the County Council
in mind. Therefore, the controller was developed with free and open source software
no commercial datasets; it is compatible with the current hardware configurations and
requires no extra hardware to be installed. The controller has not been evaluated in real-
world conditions yet, but shows promising results and the County Council is looking to
move forward with the implementation.

13 Future work

There are several things that can be improved upon and explored further, which can be
divided into two categories: developments that takes the project from a prototype state
to a working implementation and developments that increase performance or add extra
features. Both categories, described below,

13.1 Performance Improvements

As mentioned in section 3.1 the ventilation was omitted from this project to keep the
scope of this project manageable. As indoor thermal climate also depends on ventila-
tion, it may be of interest to control it using an ANN-MPC as well. Afram et. al (2017)
[4] discusses one solution where ventilation appliances are modeled with a separate
ANN, showing decreased operating costs as opposed to setpoint control.

To increase performance of the ANN as well as the MPC, higher resolution datapoints
may be needed. Therefore, historical data of flowline and room temperatures with a time
interval of lower than 6 hours and 23 minutes is preferred. Current outside temperature
and solar radiation is available at an interval of 5 seconds. An increased amount of
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temperature sensors could also improve predictions: more inside temperature sensors
could give a better view of how the inside temperature is affected by various factors.

The choice of ANN made here was based on popularity and less so on what is the
optimal solution. Other types of neural networks such as Radial Basis Function (RBF)
networks and Non-linear Autoregressive with Exogenous Input (NARX) networks has
been used in other research projects [4] and may be a better fit. Future work could
include investigating what type of neural network can model the building better.

13.2 From Prototype To Working Implementation

The system has to be run on an external device as Python can’t run on the PLC directly.
This device would need to be online at all times, as it will be contacted periodically,
so some kind of server could be appropriate. The server needs to handle requests for
setting flowline temperatures. It is important that the system can be manually overridden
so the setpoint curve can be used at any time necessary, as requested by the County
Council. Therefore, some sort of safety mechanism for overriding the controller has to
be implemented.
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[34] M. Shanker, M. Hu, and M. Hung, “Effect of data standardization on neural
network training,” Omega, vol. 24, no. 4, pp. 385 – 397, 1996. [Online].
Available: http://www.sciencedirect.com/science/article/pii/0305048396000102

31

https://thredds.met.no/thredds/metno.html
https://thredds.met.no/thredds/metno.html
http://www.sciencedirect.com/science/article/pii/S037877880200004X
http://www.numpy.org/
http://www.sciencedirect.com/science/article/pii/S0360132319300460
http://www.sciencedirect.com/science/article/pii/S1474667017383088
https://doi.org/10.1080/03772063.2007.10876119
http://www.sciencedirect.com/science/article/pii/S0378778807001016
http://www.sciencedirect.com/science/article/pii/S0378778807001016
http://www.sciencedirect.com/science/article/pii/0305048396000102


References

[35] S. C. Sugarman, HVAC Fundamentals (3rd Edition). Fairmont Press,
Inc., 2016. [Online]. Available: https://app.knovel.com/hotlink/khtml/id:
kt010WWYN5/hvac-fundamentals-3rd/heating-ventilating-air

[36] Swedish Meteorological and Hydrological Institute. (2020) Meteorol-
ogisk prognosmodell pmp3g (2,8 km upplösning) - api. Accessed
2020-05-06. [Online]. Available: https://www.smhi.se/data/utforskaren-oppna-
data/meteorologisk-prognosmodell-pmp3g-2-8-km-upplosning-api

[37] S. Zare, N. Hasheminezhad, K. Sarebanzadeh, F. Zolala, R. Hemmatjo, and
D. Hassanvand, “Assessing thermal comfort in tourist attractions through
objective and subjective procedures based on ISO 7730 standard: A field
study,” Urban Climate, vol. 26, pp. 1 – 9, 2018. [Online]. Available:
http://www.sciencedirect.com/science/article/pii/S2212095518301603

[38] K. Åström and T. Hägglund, “The future of pid control,” Control Engineering
Practice, vol. 9, no. 11, pp. 1163 – 1175, 2001. [Online]. Available:
http://www.sciencedirect.com/science/article/pii/S0967066101000624

32

https://app.knovel.com/hotlink/khtml/id:kt010WWYN5/hvac-fundamentals-3rd/heating-ventilating-air
https://app.knovel.com/hotlink/khtml/id:kt010WWYN5/hvac-fundamentals-3rd/heating-ventilating-air
https://www.smhi.se/data/utforskaren-oppna-data/meteorologisk-prognosmodell-pmp3g-2-8-km-upplosning-api
https://www.smhi.se/data/utforskaren-oppna-data/meteorologisk-prognosmodell-pmp3g-2-8-km-upplosning-api
http://www.sciencedirect.com/science/article/pii/S2212095518301603
http://www.sciencedirect.com/science/article/pii/S0967066101000624


A Simulated Results

A Simulated Results

10 Hour Forecast, April 12th 2019, 12:00
Time Radiation (W/m2) Outside temperature (◦C)
12:00 701 4,9
13:00 216 5,5
14:00 503 6,0
15:00 684 4,7
16:00 186 4,7
17:00 237 3,7
18:00 164 2,4
19:00 34 1,4
20:00 5 0,5
21:00 0 -0,3
22:00 0 -1,9

Predictions from 23◦C Predictions from 19 ◦C Predictions from 21◦C
Time Flowline ◦C Room ◦C Flowline ◦C Room ◦C Flowline ◦C Room ◦C
12:00 26,2 23.0 52,6 19,0 39,4 21,0
13:00 43,9 21,0 43,3 21,0 43,7 21,0
14:00 43,4 21,0 43,0 21,0 43,2 21,0
15:00 45,3 21,0 44,8 21,0 45,1 21,0
16:00 44,9 21,0 44,4 21,0 44,7 21,0
17:00 46,2 21,0 45,7 21,0 46,0 21,0
18:00 47,7 21,0 47,2 21,0 47,5 21,0
19:00 48,8 21,0 48,3 21,0 48,6 21,0
20:00 49,9 21,0 49,3 21,0 49,7 21,0
21:00 45,8 21,0 35,0 21,0 44,0 21,0
22:00 32,5 21,0 21,5 21,0 28,0 21,0
23:00 - 21,0 - 21,0 - 21,0

Table 1 Simulated results for April 12th, 2019, from 13:00 to 23:00. The two forecast
columns are based on historical data from the weather station at the Uppsala University
Hospital campus. The predicted flowline temperature is the result of the ANN-MPC,
and the inside temperature is the ANNs prediction given the flowline temperature set
last hour. There are three scenarios in where the room starts at 23◦C, 19◦C and 21◦C.
Here, the controller is requested to hold 21◦C, without setting flowline to above 70◦C or
below 13◦C.
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A Simulated Results

10 Hour Forecast, October 10th 2019, 12:00
Time Radiation (W/m2) Outside temperature (◦C)
09:00 45 8,8
10:00 77 8,9
11:00 93 9,9
12:00 76 10,7
13:00 422 10,7
14:00 94 10,6
15:00 88 10,4
16:00 58 9,8
17:00 15 9,5
18:00 2 9,3
19:00 0 9,2

Predictions from 23◦C Predictions from 19 ◦C Predictions from 21◦C
Time Flowline ◦C Room ◦C Flowline ◦C Room ◦C Flowline ◦C Room ◦C
09:00 13,0 23,0 64,5 19,0 35,4 21,0
10:00 32,7 21,2 39,9 21,0 35,3 21,0
11:00 33,6 21,0 38,5 21,0 33,3 21,0
12:00 32,1 21,0 37,4 21,0 31,7 21,0
13:00 31,1 21,0 37,6 21,0 30,7 21,0
14:00 32,2 21,0 37,4 21,0 31,8 21,0
15:00 32,7 21,0 37,5 21,0 32,8 21,0
16:00 34,1 21,0 38,1 21,0 34,9 21,0
17:00 34,9 21,0 38,3 21,0 36,4 21,0
18:00 35,3 21,0 38,5 21,0 38,0 21,0
19:00 35,6 21,0 38,3 21,0 39,4 21,0
20:00 - 21,0 - 21,0 - 21,0

Table 2 Simulated results for October 10th, 2019, from 10:00 to 20:00. The two forecast
columns are based on historical data from the weather station at the Uppsala University
Hospital campus. The predicted flowline temperature is the result of the ANN-MPC,
and the inside temperature is the ANNs prediction given the flowline temperature set
last hour. There are three scenarios in where the room starts at 23◦C, 19◦C and 21◦C.
The controller is requested to hold 21◦C, without setting flowline to above 70◦C or
below 13◦C.
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