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Abstract
In the last decades, intelligent control systems have rapidly replaced classical methods to solve problems in many spheres of science and technology.
The purpose of this study is to demonstrate the benefits of intelligent control
systems in comparison to the classical methods in a low-scale benchmarking
problem. The problem chosen in this study is temperature control in a green
house. The intelligent control methods of neural network and fuzzy logic have
been simulated. These simulations are used to compare with the simulations of
classical methodologies such as PID and open loop controllers. Results from
the tests on these simulations show that intelligent control methods have better
overall performance with better accuracy and a smaller temperature variance.
Additionally, neural networks have the benefit of independence from models
and does not require extensive knowledge of the problem field. The classical methods are on the other hand easier to implement and do not require a
complex selection of training data.
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Sammanfattning
Under de senaste decennierna har intelligenta kontrollsystem snabbt ersatt klassiska metoder för att lösa många problem inom vetenskap och teknik. Syftet
med denna studie är att visa fördelarna med intelligenta kontrollsystem i jämförelse med de klassiska metoderna i ett lågskaligt benchmarkingproblem. Problemet som valts i denna studie är temperaturkontroll i ett växthus. Bland de
intelligenta kontrollmetoderna har neuralt nätverk och suddig logik valts ut
för att skapa simuleringar av intelligenta kontrollsystem. Dessa simuleringar
jämfördes sedan med simuleringarna av de klassiska metoderna såsom PID
och öppen slingkontroller. Resultat från testen på dessa simuleringar visar att
intelligenta kontrollmetoder har bättre noggrannhet och mindre temperaturvariation. Dessutom har neuralt nätverk fördelen av att vara oberoende från
modeller och kräver inte omfattande kunskaper om problemsområdet. De klassiska metoderna är å andra sidan enklare att implementera samt kräver inte ett
komplext urval av träningsdata.
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Chapter 1
Introduction
Greenhouses were mainly designed to protect tender or out-of-season plants
against excessive cold or heat. However, the need of growing plants indoors
has been extensively increased in modern society. The preference of using
local products has been risen as consumers are paying more attention to the
human impact on the environment. In many countries where there is lack of
sunlight and low outdoor temperatures, growing plants outdoors is mostly not
possible. In a greenhouse, temperature and light can however be controlled.
This makes it possible to produce agricultural products to meet the needs of
the locals and at the same time to decrease environmental impacts resulting
from transportation emissions and waste.
Furthermore, modern architectures have developed a high demand for indoors
plants, not only for decorative purposes but also to control indoor air quality
in which human health can be improved. Although growing plants is not the
main purpose in modern buildings as it is in a greenhouse, the indoor environment where plants are grown has similar characteristics, amongst them is
the ability of controlling temperature, an important factor that affects the rate
of plant development. Too high or too low temperatures can affect the rate of
photosynthesis, in which plants use light energy to produce chemical energy
(oxygen) and respiration, the opposite process in which the plants use oxygen
to produce carbon dioxide to become imbalanced [1]. This can result in unwanted development rate such as early blooming which leads to lower content
quality of the plant products or flowers colors fade and flowers have a shorter
life. Too high temperature can increase respiration in which big amount of
oxygen will be consumed and too much carbon dioxide will be released to the
air [1]. If plants are grown in buildings where humans live or work, this will
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result in the lack of oxygen and excessive carbon dioxide which can threaten
human life. Temperature control in greenhouses or greenhouse-like environments therefore play an important role to ensure expected plant development
as well as the impacts on humans.
For many decades, classical control systems such as open-loop control system
or proportional-integral-derivative controller (PID) have been largely used in
order to control temperature in a greenhouse. In recent years, the development
of artificial intelligence (AI), various AI computing approaches like neural networks or fuzzy logic have created a new class of intelligent control techniques
by which temperature amongst many other factors can be controlled. The new
methods are expected to give better and more efficient results.

1.1

Purpose

The aim of this study was to demonstrate functional and other benefits of computationally intelligent control approaches in relation to the classical methodology in a low-scale benchmarking problem. The control problem used in this
study was temperature control of a greenhouse. The performance, stability,
and ease of implementation of the control methods were some of the criteria
which were analyzed.

1.2

Research Question

What are the benefits of using intelligent systems in comparison to classical
methods in temperature control in a greenhouse?

Chapter 2
Background
2.1

Temperature Control in a Greenhouse

Greenhouses are enclosed structures which trap short wavelength radiation and
stores thermal solar radiation in order to create favorable micro-climates for
crop production. The air temperature in a greenhouse is an important factor
affecting crop growth [2]. Many greenhouses require heating for year-round
crop production. A good heating system is one of the most important factors
for successful greenhouse plant production [3]. The main objective of temperature control systems is to maintain the temperature inside the greenhouse
environment within suitable ranges. One of the issues that occur in some areas is the large difference in day versus night temperatures which is a hazard
to the crop production. This requires proper temperature control which minimizes the temperature variation in order to avoid any hazard related to sudden
climatic changes within the greenhouse [2]. The greenhouse heating requirements depend heavily on the heat loss from the greenhouse structure. Heat
loss usually occur through conduction, convection and radiation [3].
The 24-hour mean temperature is average temperature over a 24 hour period.
Many greenhouse crops show close relationships between growth, yield, and
the 24-hour mean temperature. Optimum photosynthesis in crops occurs between 21-22 degrees Celsius, which often serves as a target temperature during
the day when photosynthesis occurs. The optimum temperature for vegetative
growth for greenhouse peppers lies between 21-23 degrees Celsius, with the
optimum for yield at 21 degrees Celsius. Fruit setting is determined by the 24hour mean temperature as well as the difference between the day-night temperatures. The targets for the 24-hour mean temperature depends on the type
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of crop as well as growth stage. Plant temperature often lies within a degree
of the air temperature, if plant tissues are not exposed to high light. In order
to avoid the large differences between plant temperature and air temperature
is to introduce proper shading in the greenhouse [4].
An automatic control system includes sensors, control mechanism, and actuators. The algorithm for automatic control of a greenhouse micro-climate
include the following steps. First the sensor detects the level of climate parameter and sends a signal to the control mechanism. The controller checks
whether the input is within the optimal range or not. If the input is outside the
optimal range, the control mechanism performs actions through the actuators
to bring the climatic parameter to its optimum. Examples of heating actuators
are overhead fan radiators and hot water heating systems [5]. It is important
that the actuators provide a uniform temperature distribution throughout the
greenhouse in order to avoid hot or cold temperature pockets. The heater must
also be able to provide enough heat to prevent plants from freezing during
periods of extremely low temperatures [3].

2.2
2.2.1

Classical control systems
Proportional-Integral-Derivative Controller

The Proportional-Integral-Derivative controller, also called the PID controller,
is the most common form of feedback. In process control today, more than
95% of the control loops are of the PID type [6]. The PID algorithm can be
described by the following function.
u(t) = K(e(t) +

1
Ti

Rt
0

e(τ )dτ + Td de(t)
)
dt

Where y is the measured process variable, r is the reference variable (also
called the setpoint), u is the control signal and e is the control error (e =
ysp − y). The goal is to minimize the error in a desirable manner. The control
signal is a sum of three terms, the P-term which is proportional to the error,
the I-term, which is proportional to the integral of the error, and the D-term
which is proportional to the derivative of the error. The controller parameters
are proportional gain K, integral time Ti and derivative time Td [6].
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Figure 2.1: Block diagram of a PID controller [7].
The control parameters can be selected using general methods for control design [6]. One example of this is the frequency response method developed
by Ziegler and Nichols [6]. The frequency response method involves setting
the integral term Ti = ∞ and Td = 0, and then increasing the gain until the
process starts to oscillate. At this point, the gain is simply reduced by 50%.

2.2.2

Open-loop control

In contrast to a closed-loop control system, an open-loop control system monitors the actual plant without using the plant outputs. Thus, the objective of an
open-loop control system is to achieve the desired result by utilizing an actuating device to control the plant without using any feedback. The plant outputs
are neither measured nor sent back for comparison with the reference inputs.
A closed-loop control system has therefore no direct knowledge of what impact its outputs have on the plant. The changes on the plant has in that way no
direct impact on the variables that the controller processes. Thus, designing
an open-loop control system demands defining of a presumed indirect relationship between the plant outputs and the variables that the controller utilizes
[8]. An open-loop control system is shown in Figure 2.2.

6
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Figure 2.2: An open-loop control system.
There are many applications where open-loop control is the most efficient
method. In particular, a closed-loop control system is not necessary if the
controller inputs and the its model are known with absolute certainty, given
that there are no external disturbance. Further more, an open-loop control
system can more convenient when measuring of plant outputs has too many
difficulties or is not economically feasible [9].

2.3

Intelligent control systems

Intelligent control systems are control systems which are designed to borrow
ideas from the workings of biological systems in order to solve control problems [10]. Some of the techniques commonly used in intelligent control system design are fuzzy control, neural networks and genetic algorithms among
others.
A basic closed-loop control system, shown in Figure 2.3, consists of the process (plant, P) and the control system itself (C). The plant inputs are u(t), the
plant outputs are y(t) and the reference inputs are r(t). The reference inputs
r(t) are the desired values that the plant should achieve. The plant P is the
system that is to be controlled and the control system C is the computer that
actuates changes in the plant.

Figure 2.3: Control System Model.

CHAPTER 2. BACKGROUND
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Fuzzy control

Fuzzy control is a control system based on fuzzy logic with the aim of controlling in the way that a human would do. In contrast to other control logic
such as the classical methods or digital logic, fuzzy logic operates not only on
discrete values of either 1 or 0 (true or false respectively), it takes continuous
values between 0 and 1.
According to professors Kevin M.Passino and Stephen Yurkovich at The Ohio
State University, a fuzzy control system contains four main components which
are shown in Figure 2. These components are: (1) The rule-base is in form of
rules and holds the knowledge of how best to control the system. The knowledge can be achieved from human experiences or analysis made by the controlling engineer. (2) Fuzzification is the process of modifying the inputs so
that they can be interpreted and used by the inference mechanism. (3) The inference mechanism uses the input formed by fuzzification and decides which
control rule are relevant in the current situation and then determines what the
plant input should be. (4) The defuzzification converts the outputs from fuzzy
controller into a form that the plant can use. [11]. The plant outputs are then
gathered and compared to the the reference inputs. The comparison helps the
fuzzy controller better decide which plant inputs should be to ensure that the
performance objectives will be met. Fuzzy controller can be seen in this way
as a real-time artificial decision maker which operates in a closed loop system
[11].

Figure 2.4: Fuzzy Control Architecture. [10].
The process of designing a fuzzy controller often starts with deciding inputs
and outputs of the controller. The choices of these factors should make sure
that the controller will have the proper information available to make good
decision and achieve an as good result as possible. If the controller is not
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provided with proper information, there will be difficulties in the process of
designing a good rule-base or inference mechanism since those components
operate on the inputs and outputs of the controller. Furthermore, the choice
of these inputs and outputs places certain constraints on the remainder of the
fuzzy control design process. Even though the information is available to make
decisions, it will be of little use if the controller is not able to affect to the process properly via the process inputs or outputs. The choice of the controller
inputs and outputs is therefore fundamentally important part of the designing
process[11]. When the plant inputs and outputs are determined, the next step
is to decide what the reference inputs are. The reference inputs are often the
goals for which the control system is designed for.
Meanwhile there are standard choices for the fuzzification and defuzzification,
the rule-base differs depending on what kind of process the control system is
designed for. The rules represents a human expert in the system. In many
cases the rules can be determined by real human knowledge. That means the
expert who is successful at this task can simply write down a list of rules that
make sense. Rules should however be in the form of "If-Then" clauses which
basically says, "If the plant output and reference input are behaving in a certain
manner, then the plant input should be some value" [11].
According to Passino and Yurkovich, the inference mechanism generally involves two steps. Firstly, the premises of all rules are compared to the controller inputs to determine which rules should be applied in the current situation.

2.3.2

Neural Networks

Overview of Neural Networks
Artificial neural networks are loosely inspired by the massively connected set
of neurons that make up biological neural networks. They can be implemented
with circuits, computer algorithms or mathematical representations. The use
of artificial neural networks has been proven to be useful in several applications, such as pattern recognition, estimation, and control problems [10].
The feedforward multilayer perceptron (MLP) is the most popular neural network in control system applications [10]. It consists of an input layer, one
or more hidden layers, and an output layer, as well as biases. The input layer
consists of a layer of neurons which receive information from external sources,
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and passes it to the network for processing. The hidden layer receives input
from the input layer and processes them. The output layer receives processed
information and outputs signals the system. The bias provides a threshold for
the activation of each neuron, and is connected to each of the hidden and output
neurons in a network [12].

Figure 2.5: Feedforward Multi-layer Perceptron [13].
The input/output mapping of a network is determined by the weights and the
activation functions of its layers. The number of input neurons correspond to
the number of input variables in the network, and the number of output neurons are is equal to the number of desired output variables [12].
In a feedforward neural network, there only exists connections between the
outputs of each layer and the inputs of the next layer. The inputs of each neuron in a feedforward neural network is the weighted sum of the outputs of the
previous layer [12]. In a feedback network the inputs of each layer may be
affected by the outputs of previous layers. Self feedback is also allowed.
Training
Neural networks need to be trained with examples, or so called training sets.
The network can be referred to as
y = F (x, θ)
where θ is the vector of parameters that are tuned to shape the nonlinearity
it implements, in this case it consists of the weights and biases. Given an input x the goal is to adjust θ so that the difference between the desired output

10
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and the neural network output is minimized. Two of the most common numerical methods in updating neural networks parameters are Levenberg-Marquardt
and the conjugate-gradient methods [10]. It is however a challenge to select
a training set that will ensure a good approximation. The main advantage of
neural networks is a high degree of approximation accuracy with a reasonable
number of parameters achieved by training with data. This results an independence from models [10].
Supervised learning is a training method where an external teacher controls
the learning and incorporates global information. The teacher in question may
either be a training data set or an observer who grades the performance. An
example of supervised learning algorithms is the back propagation algorithm
which is a generalization of the least mean square (LMS) algorithm [12]. The
back propagation algorithm is a popular algorithm for network training due
to its simplicity and applicability qualities. The back propagation algorithm
consists of two phases; the training phase and the recall phase. During the
training phase, the weights of the network are initialized with random values.
Then, the network output is compared with the desired value to calculate the
network error. The error of the network is used to adjust the weights of the
output layer. The weights of the other layers are adjusted in a similar fashion,
where the network error is propagated backwards. During the recall phase,
only feedforward computations are performed using the weights which were
adjusted during the training phase. The feedforward process occurs both during the training and recall phases [12].

Chapter 3
Methods
3.1

Overview

The overview of the experiment methodology were the following steps. The
following sections contain in depth explanations of some of the implementation processes listed in the overview.
1. Collect temperature data from the chosen weather station.
2. Construct a simulation environment for the benchmarking problem, in
which the control methods may be tested. This step included setting up
a virtual greenhouse from which appropriate constants could be determined for temperature calculations.
3. Construct models of the chosen control systems fuzzy control, neural
networks, PID, and open loop methods, including necessary training of
the models.
4. Perform the the experiment on each control method on the same temperature data and environment simulation algorithms.
5. Perform data analysis on the test results for use in comparison of the
chosen control methods.
The source code for the project can be found here: https://gits-15.sys.kth.se/ellpei/kexjobb.
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3.2
3.2.1

Experiment Design
Benchmarking Problem

The control problem used for benchmarking was temperature control in a
greenhouse. The reference input to all control systems was set to 21 degrees
Celsius, which was the optimal temperature for crop production. The control systems were tasked with controlling the plant input y(t) to a heater unit
given a reference input of the optimal indoor temperature and a current indoor temperature. The indoor temperature at each point in time was affected
by the plant output in the form of heat, as well as the heat loss to the outside
atmosphere. Heat loss from a greenhouse usually occur through conduction,
convection, and radiation. The total heat loss from the greenhouse can be calculated by summing the conduction heat loss QC , air infiltration losses QA ,
and perimeter heat loss QP [3]. The formulas for calculating heat losses were
the following.
∆T
R
QA = 0.02 · V olume · C · ∆T
QC = Area ·

QP = P · L · ∆T
QT = QC + QA + QP
The constants used in this experiment are listed in table 3.1.
Table 3.1: Constants used in the benchmarking problem
Constant
R
V
A
L
C
P

Description
Resistance to heat flow
Greenhouse volume
Surface area of greenhouse surface
Distance around perimeter
Number of air exchanges per hour
Perimeter for heat loss coefficient

Value
0.91
30,928 cu. ft
1000 sq. ft
140 ft
1.5
0.4 BTU/ft F hr

In order to calculate the indoor temperature at each hour interval, the indoor
temperature was solved for from the following equation:
QIN = QINprev + QH − QT

CHAPTER 3. METHODS
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Where QIN was the heat energy inside the greenhouse, QINprev the heat during
the previous hour, QH the heat generated form the heating unit, and QT the
total heat loss from the greenhouse. The formula for specific heat was used
for calculating QIN in the beginning of the experiment:
Q = m · C · ∆T = m · C · (TIN − TINprev )
The formula for the indoor temperature Tin was:
Tin =

(QINprev + QH − m · C · TINprev ) · B + Tout · B
,
B+m·C ·R

where
B = A + 0.02 · V · C · R + P · L · R
In the design of this experiment, the heat loss constants listed in table 3.1
were controlled, meaning they were kept constant throughout the benchmarking tests. The temperature difference between indoors and outdoors temperature varied during each test run, however the same temperature data was used
for each of the trials.
To enable the construction of a realistic environmental model for the outside
temperature of a greenhouse, real temperature data was used. The hypothetical
greenhouse which was the subject of the simulation was chosen to be placed in
the near vicinity of a meterological station from which temperature data was
collected. The outdoor temperature data was gathered from one of SMHI’s
meterological stations called Stockholm-Arlanda, located at latitude 59.6269
and longitude 17.9545. This location was therefore selected for the virtual experiment. Data for a four month period was collected from SMHI’s data portal
[14].

3.2.2

Environment Simulation

The diagram shown in Figure 3.1 shows the overarching experimental design
selected for the temperature control problem. The box labeled "Control" symbolizes the control models which were tested and the box labeled "P" symbolizes the heating plant. The input variables for the control model are the
reference input r(t) and the indoor temperature Tin . The output variable of
the control model is labeled u(t) and was represented as an output efficiency
which the heating plant translated into heat. The indoor temperature Tin was

14
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calculated by an environment processing unit which consisted of an algorithm
which given outdoor temperature Tout and plant output temperature y(t), calculated the indoor temperature Tin . The environment processing algorithm
remained identical throughout the experiment.
Due to the experiment data collected from SMHI’s meteological station only
contained temperature readings at one hour intervals during a four month period, the testing environment only allowed the control unit to make control
decisions at the same frequency. The testing environment triggered a control decision from the control unit every hour, providing the reference input
as well as the current indoor temperature Tin , and received the control output
u(t). The control output, in the form of an efficiency measured in Watts to be
transformed into heat by the heating plant. The heating plant then ran at that
efficiency until the next hour and a new control decision was made.

Figure 3.1: Diagram of the Experiment Design

3.3
3.3.1

Control Method Modeling
PID

The PID controller was modelled according to the general summing function
u(t) = Pout + Iout + Dout where the proportional, integral, and derivative
terms are added together. The output u(t), which was the heater efficiency in
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Watts, was then fed to the heater unit which operated at the set efficiency for
the next hour. The terms in the formula were given by the following equations.
Pout = Kp · error
Iout = Ki · integral
Dout = Kd · derivative
The integral was calculated by adding the error multiplied by the iteration time
in each iteration. The error was calculated by subtracting the indoor temperature with the given optimal temperature. The derivative was calculated by
subtraction the previous error form the current error divided by the iteration
pr ev
. The controller parameters were set by
time, derivative = error−error
iterationtime
means of expert tuning, where a human adjusts the parameters Kp , Ki and Kd
until a satisfying result is met.

3.3.2

Open Loop

The output of open loop controller u(k) was calculated by adding the heat
that the green house has lost in the last hour with a set point. The heat loss
was computed using the same model for calculating heat loss that used when
formulating the benchmarking problem. It is the summary of conduction heat
loss, air filtration loss and perimeter heat loss where all constants have the
same values as stated in section 3.2.2. By using trial-and-error method, the
set point was determined to be the value of 15700. All formulas used in the
modelling of open loop controller are listed below.
u(k) = setpoint + QT
setpoint = 15700
QT = QC + QA + QP
where

∆T
R
QA = 0.02 · V olume · C · ∆T
QC = Area ·

QP = P · L · ∆T

16
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Fuzzy Control

Fuzzification
The controller input was error E(k) = ωreal (k) − ωref (k), the difference
between internal temperature and the optimal one. In the formula, ωreal (k) is
the current indoor temperature, ωref (k) is the optimal temperature. The crisp
input was converted into linguistic variable error. error was decomposed into
the set of Negative Large, Negative Medium, Negative Small, ZEro, Positive
Small and Positive Medium:
T (error) = {N E, N L, N M, N S, ZE, P S, P M },
The above crisp sets were fuzzified by attaching a membership grade to each
of the element in the sets. The membership grade was decided by triangular membership function which is shown in Figure 3.2. Because the outdoor
temperature can drop or increase indefinitely, the indoor temperature can as
a result of this be dropped or increased indefinitely. Hence, the sets N L and
P L of the input variable had their core defined but unlimited boundaries. The
cores and boundaries of other sets are supposed to present the knowledge of
an expert and in this case have been chosen by trial-and-error method.

Figure 3.2: Error membership function
The controller output u(k) was the power that the heater would be set to.
This value was decomposed into the set of ranges which includes RANGE1,
RANGE2, RANGE3, RANGE4, RANGE5 and RANGE6. The membership function degree for each of the output was determined by the function
which is shown in Figure 3.3. Because the power of the heater is limited, all
sets of the output variable had defined core and limited boundaries.
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Figure 3.3: Heater power membership function
Rule-base
The rule base for the temperature controller is described as in Table 3.2 and
3.3.

1.
2.
3.
4.
5.
6.
7.

IF error
IF error
IF error
IF error
IF error
IF error
IF error

Fuzzy Rules
is Negative Large THEN heater is range6
is Negative Medium THEN heater is range5
is Negative Small THEN heater is range5
is Zero THEN heater is range4
is Positive Small THEN heater is range3
is Positive Medium THEN heater is range2
is Positive Large THEN heater is range1

Table 3.2: Fuzzy rules for temperature control system
error
Heater power

NL
range6

NM
range5

NS
range5

ZE
range4

PS
range3

PM
range2

PL
range1

Table 3.3: Fuzzy matrix

Defuzzification
Linguistic variables were converting into crisp values by center of sums method.
The defuzzified output value is determined by
Pk

u=

i=1 Ai ∗ x̄l
Pk
i=1 Ai
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Here, Ai represents the firing area of ith rules , k is the total number of
rules fired and x̄l represents the center of area.

3.3.4

Neural Network

The neural network control method was modeled in the form of a feedforward
multilayer perceptron with one hidden layer. There were two input neurons,
one for the indoor temperature Tin and one for the outdoor temperatuer Tout . In
the hidden layer there were five neurons. The output layer consisted of only one
neuron and represented the plant input value u(t). A simplified structure of the
neural network is shown in diagram 3.4. The sigmoid function S(x) = 1+e1−x
was selected as the activation function for the neural network. The weights and
biases associated with each interneural connection were randomized during
the instantiation, and then adjusted during the supervised training process with
backpropagation.

Figure 3.4: Diagram of the Neural Network
The output of the network, was always a value between 0 and 1 due to the nature of the activation function. The network output value Nout was interpreted
as a percentage of a set value for the plant input u(t), which in this experiment
was set to 80000.
u(t) = Nout · 80000
Supervised training with the back propagation algorithm was used to train the
neural network. The training data used was collected from the same source as
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the experiment data, but were data from a different time period but from the
same weather station. The network error was calculated by dividing the total
error by 80000, where the total error was the temperature difference between
the real indoor temperature and the optimal temperature.
et = Tin − Topt
et
80000
The training process involved updating the weights according to the backpropagation algorithm based on the error of the network. This process was repeated
for each temperature data point in the training data, which consisted of 95106
data points. After the training process was completed the network was subjected to the experimental data, using the forward pass algorithm to acquire
the results of the network.
eN N =

3.4

Data Collection and Analysis

The experimental data was collected by the main simulation program and was
represented in a CSV file with date, time, and indoor temperature in the greenhouse. One data sheet was collected for each simulation. The results were then
analyzed by several methods using a script written in python, using tools such
as matplotlib and numpy. Each of the data points of each data sheet were
plotted in a diagram together with the reference input common to all control
method tests. The values shown in the list below were calculated for result
analysis.
• Mean indoor temperature, Tin (◦ C)
• Standard deviation of the indoor temperature, s (◦ C)
• Maximum indoor temperature, max(Tin ) (◦ C)
• Minimum indoor temperature, min(Tin ) (◦ C)
• Total energy usage, ET (kWh)
The mean indoor temperature Tin was calculated by summing all the temperature data points and dividing them by the number of dataqpoints. The standard
P
2
deviation was calculated using the standard formula s = N1−1 N
i=1 (xi − x) .
The total energy usage ET was calculated by summing the plant input for each
hour (measured in Watts) divided by 1000.

Chapter 4
Results
This chapter presents the results from the simulations of the benchmarking
problem. Given the same data points and environment simulator the different
control methods yielded different results in terms of average indoor temperature, standard deviation of the temperature, maximum indoor temperature and
minimum temperature. The total energy usage ET also differed but to a lesser
extent than the other parameters.

4.1

PID Controller

The indoor temperature collected from the benchmarking test using the PID
controller is shown in figure 4.1. The temperature graph shows that the PID
controller caused an indoor temperature much lower than the optimal during
the beginning of the benchmarking test, however after a few days it kept an
indoor temperature much closer to the optimal value than several other control
methods. The indoor temperature fluctuates above and below the optimal value
to a lesser extent than fuzzy control but more often than the neural network
controller.
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Figure 4.1: PID Controller Temperature Graph

4.2

Open Loop

Figure 4.2 shows the resulting indoor temperature from the benchmarking test
with the open loop controller. The graoh shows that the open loop controller
yielded an indoor temperature which fluctuates in a relatively high degree in
comparison with the other control methods which were tested in this study.
The open loop controller corrective behaviors opposite to the increase or decrease of the outdoor temperature. When the outdoor temperature was the
lowest, the open loop controller yielded an indoor temperature which was the
highest, and vice versa.
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Figure 4.2: Open Loop Temperature Graph

4.3

Fuzzy Control

Figure 4.3 shows the indoor temperature from the benchmarking test using the
fuzzy controller. The indoor temperature is shown in blue, and is graphed together with the optimal temperature shown in red and the outdoor temperature
shown in black. The graph shows that the fuzzy controller was able to maintain an indoor temperature close to the optimal value, however the temperature
deviation is higher than the results for the neural network controller.

CHAPTER 4. RESULTS

23

Figure 4.3: Fuzzy Logic Temperature Graph

4.4

Neural Network

The graph shown in figure 4.4 shows the indoor temperature from the benchmarking test using the neural network controller. The indoor temperature,
shown in blue, is graphed together with the optimal temperature marked in
red as well as the outdoor temperature, shown in black. It is evident from
the graph that the neural network controller held an indoor temperature close
to the optimal temperature except for when the outdoor temperature was the
lowest.
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Figure 4.4: Neural Network Temperature Graph

4.5

Result Analysis

The results for each control method are presented in table 4.1. Table 4.2
includes the averages of the same values categorized into intelligent versus
classical control methodologies. The results show that the intelligent control
methods resulted in an average indoor temperature closest to the optimal temperature, as well as a smaller standard deviation. Among all control methods,
the neural network had the smallest standard deviation from the optimal temperature, and the lowest total energy usage. The PID controller had the best
mean value, but the lowest minimum temperature.
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Control Method
Neural Network
Fuzzy Control
PID Controller
Open Loop

Tin
20.90
21.08
20.95
21.16

Table 4.1:
Category
Tin
Intelligent 20.99
Classical 21.06

s
0.54
0.63
0.62
1.04

max(Tin )
21.20
23.23
21.87
25.27

min(Tin ) ET (kWh)
14.94
78958.66
18.50
79657.30
9.26
79081.41
18.05
79951.05

Results of All Control Methods
s
max(Tin ) min(Tin ) ET (kWh)
0.59
23.23
14.94
79307.98
0.83
25.27
9.26
79516.23

Table 4.2: Averages of Intelligent and Classical Control Methods
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Chapter 5
Discussion
5.1

Differences in Performance

The results showed that the intelligent control systems had better mean indoor temperature with 0.01◦ C above the optimal temperature, compared to
the classical methods which had an average of 0.06◦ C above the optimal temperature. A smaller standard deviation meant a lower degree of temperature
fluctuations within the greenhouse, which was desirable in this benchmarking
problem. The intelligent control methods had an average standard deviation
of 0.59 whereas the classical methods had an average of 0.83. This means
that the intelligent control methods were more successful in keeping the indoor temperature near the optimal temperature more often than the classical
methods. The intelligent control methods yielded maximum and minimum indoor temperatures within a closer range to the optimal temperature compared
to the classical methods. The intelligent control systems also had a lower total
energy usage in comparison with the classical methods.

5.2
5.2.1

Implementation of Control Methods
Classical Control Methods

PID Controller
The PID controller was implemented according to the general summing function explained in section 3.3.1. The instantiation of the controller required four
parameters to be set by the main program; the desired value, the proportional
term kp , integral term ki , and the derivative term kd . The proportional, integral
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and derivative terms were set according to the expert tuning method. Since
there exists additional tuning methodologies, it is possible that other methods
may have yielded better or worse results than the chosen method. With the
chosen method however, the PID controller performed relatively well compared to the classical methods. It had the best mean value, one of the smallest
standard deviations, and had a maximum indoor temperature second closest
to the desired temperature. The high accuracy and performance of the PID
controller in comparison to the other methods supports the fact that it is one
of the most common methods of temperature and plant control similar to the
nature of the benchmarking problem in this study. Things brings the discussion back to the possibility that some of the control methods have an advantage
over others in some types of control problems.
Open Loop
The open loop controller bases solely on the current outdoor temperature and
does not take output error into consideration. It replaces instead only the energy that lost through the greenhouse. This energy loss is calculated by adding
conduction heat loss, air infiltration loss and perimeter heat loss. These are the
three main heat losses in common green house models. Any other losses in
heat could also have occurred but have not been taken in consideration. This
could affect the accuracy of the results. The implementation of the open loop
controller has also been based on a set point which is a constant. this constant
has been chosen by trial and error. To improve implementation of open loop
controller, a suggestion is therefore to repeat the execution multiple times to
find the best constant. In contrast to intelligent methods such as fuzzy logic,
the number of optimizations that can be used to improve an open loop controller is limited to the only two factors: the calculation of heat loss and the
set point. The chance of improving the current results of open loop controller
is therefore more limited than the ones of intelligent methods.

5.2.2

Intelligent Control Methods

Fuzzy Control
Compared to neural network, fuzzy logic gave results with somewhat less competitive. Although fuzzy logic gave better average and minimum indoor temperature, its high value of maximum indoor temperature and the high standard deviation could be improved. An explanation to these results is that
the controller inputs were not enough to provide sufficient information that
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the controller needed to give a more accurate result. One way to improve
the results is to increase the number of controller inputs. In the most highperformance fuzzy logic controllers there are two inputs, these are error (E =
ωreal (k) − ωref (k)) and change in error (CE = E(k) − E(k − 1)) [15].
The goal of controller with two inputs is to obtain on its output signal which
is based on E and CE the value of change in output (CU ). If this value
is known, it will be possible to obtain the output signal from CU by using
u(k) = u(k − 1) + CU (k) where u(k − 1) is the output signal in the previous hour [15]. Change in error and error as controller inputs would together
provide the controller the information about how far the actual indoor temperature is from the reference one and if the output is moving towards or away
from the set point. The controller would give in that case a more accurate
result. Fuzzy logic controller in this study was implemented with error E as
the only controller input and thus caused greater hourly temperature changes
which resulted in the higher value of standard deviation.
Furthermore, the fuzzy controller was implemented with triangular membership functions for both controller input and output values. Although this kind
of membership functions have the advantages of simplicity, it does not always
reflect the distribution of the data. Revathi and Sivakumaran proved in their
study that an optimization from triangular to Gaussian membership functions
give better results for fuzzy based temperature control in a greenhouse [4]. The
choice of member ship function type has been based solidly on the simplicity
that was required given the scope of this study and was not based on any complex work on the distribution of actual data. Hence, the choice of membership
could also have affected the results of fuzzy logic controller in this study.
The results of fuzzy logic controller was largely affected by its implementation and could be in real life problems improved in many ways. The results
from fuzzy logic controller have yet shown that it has better succeeded than
the classical in keeping the indoor temperature around the optimal one and in
keeping the indoor temperature stable without drastic changes. On the other
hand, the purpose of this study is to demonstrate the benefits of intelligent
control systems in comparison to the classical which differs from the purpose
of finding the most optimal implementation of fuzzy logic controller. The implementation of fuzzy logic controller has therefore fulfilled the requirements
of this study.
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Neural Network
The neural network was implemented with one hidden layer with four nodes,
two input nodes and one output node. The selection of the number of nodes in
the hidden layer was made based on common practices and according to the
performance in the benchmarking problem. Since there is no set formula for
selecting the design of the network, the design was based on previous research
on the use of neural networks for similar control problems. The selection of the
activation function for the neurons was the sigmoid function, which was one
of the most common activation functions. The design choices involved during
the implementation process of the neural network were thus heavily based on
common practice and fitted to the benchmarking problem at hand. The output of the neural network was also chosen to be interpreted as a percentage
of a set maximum value based on the nature of the environment simulation.
The transformation between the network output and the plant input value may
thus change depending on the environmental factors such as the size of the
greenhouse, the type and interface of the heater unit and other possible factors.
There are many ways in which the output of the network could be interpreted,
for example it could be interpreted as a percentage increase or decrease from
the previous plant input value. The design choices of the network and means
of interpretation of the network output were set according to the best fit for
the becnhmarking problem. The design choices, network training, and output
interpretation were tuned until a satisfactory network behavior was reached.
There are however further optimizations that could be made, such as setting the
network biases in a more efficient manner, adjusting the learning rate, adding
more network layers, or output nodes to get better results [16].

5.2.3

Data Selection

The data used in the benchmarking tests were collected from SMHI’s weather
data portal [14]. All the data used in in this study were collected at the same
weather station outside of Arlanda. The data contained hourly readings of the
outdoor temperature, and control decisions of the tested methods were only
made at one-hour intervals. The time interval between the data points as well
as the time interval between the control decisions may have affected the performance of the control methods in a negative manner, as it increased the temperature volatility compared to scenarios with higher frequencies of data readings
and control decisions.
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Environment Simulation

The implementation described in section 3.2.1 was kept constant throughout
the benchmarking tests, which meant that all control systems was tested in
the same environment. This allowed for fair testing of all the control methods in a hypothetical greenhouse located by the weather station used for data
collection. However, due to the nature of the simulation and methods for calculating the indoor temperature may have favored some methods above others.
Some control methods are more resilient to outside disturbance than others,
and if the implementation of the environment processor was prone to produce
more noise than what is normally expected of greenhouse environments, this
may affect the applicability of the results in real world scenarios. A number
of constants were also set in the environment simulation algorithm, including resistance to air flow, greenhouse volume, surface area, and number of
air exchanges per hour among others. In a real world application, these constants may vary and therefore produce different results. It is possible that some
control methods are better suited for some environments and not others. For
example, the PID controller must be tuned depending on the nature of the
problem and environment at hand, which may cause the need for tuning the
parameters when large changes are made to the same environment. This is also
the case with open loop and fuzzy control. The control system based on the
neural network would not be affected in such a scenario, as long as sufficient
training data is available for the new environment. The implementation of the
environment simulation may thus have caused a disadvantage to those control
methods which are not suited for a problem of this nature.

Chapter 6
Conclusions
6.1
6.1.1

Pros with Intelligent Systems
Performance

The results from the benchmarking tests showed that the intelligent control
methods had a better overall performance compared to the classical control
methods. The intelligent methods had a mean indoor temperature closer to the
optimal temperature, a smaller standard deviation which pointed to lower temperature fluctuations, the maximum and minimum temperatures were closer to
the optimal temperature and the total energy usage was lower than for the classical methods.
The intelligent control methods neural network and fuzzy controller had higher
accuracy and better temperature variance. The both intelligent methods had a
mean indoor temperature which was closer to the optimal indoor temperature,
as well as a smaller standard deviation in comparison to the classical control
methods. The PID controller had the second best standard deviation with the
value of 0.62 compared to neural networks 0.54. However, the PID controller
had a minimum indoor temperature lowest among all tested methods. Neural network performed on the other hand best in terms of a lower standard
deviation compared to the other tested methods, and had a maximum indoor
temperature closest to the optimal. This is beneficial for creating growing conditions targeted to plants with a higher sensitivity to temperature fluctuations
from the optimal temperature. Examples of scenarios when a high accuracy
is needed include flower triggering and fruit bearing.
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Independence from Models

One of the benefits of using a neural network controller is the fact that they
are independent of models of the problem at hand and therefore doesn’t require extensive knowledge of the problem beforehand. Instead it learns from
training data, which in cases where data is easily acquired, highly advantageous because it can self tune until a satisfactory result is reached. It can also
adapt to changes in the conditions in the environment if it receives feedback
from the actuator without much interference by a human. This is not the case
of the other control methods, which require specific parameters to be set according to previous knowledge of the control problem. Because of this, the
neural network would not be as affected by changes in the environment such
as change of actuator, size or materials of the greenhouse, and other factors in
the environment in comparison to the other control methods.

6.2
6.2.1

Cons with Intelligent Systems
Ease of implementation

The classical methods are much easier implement, but are dependent on models. The intelligent methods require much more work in implementation and
training, however they are independent of models and can be applied on a many
different kinds of problems.

6.2.2

Selection of Training Data

Neural networks require training prior to the recall phase in order to produce
satisfactory results. It is important that sufficient amounts of training data
is available for use in the training process. In cases where the collection of
training data is unavailable, the neural network is at a disadvantage. In the
benchmarking problem in this study however, it would be possible to allow
the neural network to train during the experimental phase, resulting in a higher
accuracy toward the end of the experiment, but a lower overall performance.
In a real world scenario of the benchmarking problem sensor data would be
available to the control mechanism, which would satisfy the need for training
data and allow for automatic, continuous improvement of the neural network
controller.
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Requirements of field knowledge

In order to develop a fuzzy logic controller with high accuracy and small temperature variance, proper knowledge about the controlled variable and system
is required to decide which inputs are needed to produce a result with low
standard deviation. Another required knowledge is what kind of membership
function reflects best the distribution of the controller inputs and outputs. This
can be achieved by detailed study of the data. Furthermore, accurate calculations based on the physical relation of inputs are also required in order to attain
fuzzy rules that lead to the right control decision.

6.3

Further Research

There were several aspects of this study that could be subject to further research. One of the possibilities of further investigation was combining some
of the control methods, such as the PID controller and the neural network.
Self-tuning PID controllers using neural networks is an area of investigation
which may be beneficial solution to the benchmarking problem selected in this
study. However, this would be an investigation with another research question,
since it would be the study of a combination of a classical and an intelligent
control method. Given the high performance of both the neural network controller and the PID controller, the performance of a combination of the two
methods may be promising.
Additionally, a possible further study is to investigate which fuzzification and
defuzzification methods give a more accurate result and a smaller standard deviation in a temperature control system using fuzzy logic with hourly outside
temperature as system input. Likewise is the question about which inputs give
the better result. That means to compare the results of fuzzy temperature controller with error as the only input with controller with both error and other
measurement such as change in error. These studies would increase the possibility of improving fuzzy logic controller.
Another question that may be investigated further is the impact of the data
frequency on the performance of the different control methods. As mentioned
in the 3.1 section, the time interval between each data point in the experimental data was one hour. It would be interesting to perform the benchmarking
tests on temperature data with a higher frequency.
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