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Introduction

AIM
The aims of this assignment are to provide the students with knowledge of the application 
of intelligent systems in the engineering filed. 

OBJECTIVES
The principal  objective  is  to  gain  knowledge  of  the  different  intelligent  system when 
working  on  an  unrehearsed  problem.  The  advantages  and  disadvantages  of  various 
methodologies will be evaluated when applied to a simulated control system. Experience 
will also be gained in designing an Fuzzy and ANN system for modelling the heat control 
in  a  house,  in  addition  design  a  fuzzy  logic  control  to  replace  the  on/off  thermostat 
control system.

ACTIVITIES
The workshops are based on a thermal model of a house which is simulated in Simulink, 
the graphical interface to MATLAB. The tasks you are required to do are not explicitly 
specified but follow the general pattern:
a) Understanding of  the model:  seeing how the equations which are given can be 
entered into Simulink;
b) Modification of the model: the model should be used t generate data for training. 
The training data should be used to develop an ANN model of the house. The model 
should be tested and compared to the original model.
c) The control system used in this model is based on ON/OFF system. Such systems 
do not give a constant temperature and it uses more energy to run. The ON/OFF control 
should be replaced by a continuous control system based on the current temperature and 
temperature outside the house. A fuzzy logic controller should be used for this purpose.
Embed the controller in the  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In  this  assignment  applications  of  intelligent  systems in  the  engineering  field  will  be 
explored.  In  particular  a  model  of  a  house  heating  system  will  be  investigated  and 
modified, in order to evaluate various methodologies of an intelligent systems. We will be 
focusing on two main aspects; 

1. Developing an artificial neural network (ANN) model of an existing House model.
2. Develop a fuzzy logic controller to replace an ON/OFF switch on the current house 

model. 

Initial Model and Results

The model used in this assignment is based on the Thermal Model of a House obtained 
from MATLAB. Figure 1 shows a digram of the thermal model. This system models the 
outdoor  environment,  the  thermal  characteristics  of  the  house,  and the  house  heating 
system, further details about the model are available at ref [1].  The primarily focus will be 
on the house model including its inputs and output and the house heating system. Since 
the focus isn't on the design of the model, not much emphasises about it will be shown. 

This model also calculates heating costs for a generic house. When the model is opened, it 
loads the information about the house from the househeat_data.m file. The file does the 
following:
• Defines the house geometry (size, number of windows)
• Specifies the thermal properties of house materials
• Calculates the thermal resistance of the house
• Provides the heater characteristics (temperature of the hot air, flow-rate)
• Defines the cost of electricity (0.09$/kWhr)
• Specifies the initial room temperature (20 deg. Celsius)

After initialising and simulating the model, the graph on Figure 1 is obtained. The heat 
cost  and  indoor  vs  outdoor  temperatures  are  plotted  on  the  scope.  The  temperature 
outdoor  varies  sinusoidally,  whereas  the  indoors  temperature  is  maintained  within  2 
degrees Celsius of "Set Point”. According to this model, it will cost $28 to heat the house 
for 2 days.  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Figure 1: Simulink Thermal Model of a House + Simulation results ( x-axis time (hr)) 



1) ANN Development 

What are neural networks?
It’s a technique for building a computer program that learns from data. It is based very 
loosely on how we think the human brain works. First, a collection of software “neurons” 
are created and connected together, allowing them to send messages to each other. Next, 
the network is asked to solve a problem, which it attempts to do over and over, each time 
strengthening the connections that  lead to  success  and diminishing those that  lead to 
failure.

In order to develop a supervised ANN, we must first collect a set of data from the current 
house model. This data is used for the purpose of training the neural network in order to 
develop  an  ANN  of  the  house.  Figure  2  shows  a  modified  model  that  allows  the 
generation of the required data to train the NN.  This model consists of the house from the 
previous model, two sets of temperature variations; Daily Temp Var —> replicates the 
tolerance of the thermostat ±2 ℃, Daily Temp Var1 —> Average outside temp. This way 
the same inputs from the original model are going into the house to reproduce a similar 
output. All the inputs and output are stored to the Workplace on Matlab under simout. 

Now that we have the data stored we need to identify and 
separate the inputs and outputs in order to feed them into 
the  NN.  The  simout  consist  of  3  columns  with  each 
consisting  of  1001  data  points,  that  corresponds  to  the 
inputs and output from the model. So, the first 2 are the inputs to the house and the 3rd 
column is the output. Hence, the code below splits these accordingly. 

input = simout(:,1:2); % input - input data.
output = simout(:,3); % output - target data.
x = input’;  
t = output’; 
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% the inputs and output are transposed to ensure the same 
number of samples on both. 

Figure 2: Modified model of the House + Simulation results



After splitting the data, we are now ready to train a neural network. By utilising Matlab’s 
NN toolbox we can generate the ANN model with ease. There are two ways of doing so, 
either by using the NN start wizard with the default setting or we can code our own to 
have more flexibility and control over the parameters of the NN. Both of these methods 
were tested with different settings to try and come up with an accurate NN model. Here 
are the method used and some of the best results obtained.

Using the NN start wizard: 

To evaluate the outcome of the NN, there are two key results to look at; 
1. Mean Squared Error (MSE) is  the average squared difference between outputs and 

targets. Lower values are better. Zero means no error.
2. Regression R Values measure the correlation between outputs and targets. An R value 

of 1 means a close relationship, 0 a random relationship.
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1. Select the inputs and target data

3. Setting the number f neutrons in the fitting 
network’s hidden layer

4. Training the network and choosing the trains 
algorithm

2. Choosing the validation and testing percentages



Here is a run through the results of the types of training algorithms the toolbox offers

By using the Levenberg-Marquardt algorithm and increasing the number of hidden layers, 
an increase on the overall Regression R value can be obtained, as shown in Figure 3. To 
further enhance the NN extra layers can be added as shown in Figure 4. Adding extra 
layers required a writing  a code. In this parts snippets of the code will be explained with 
comments and its corresponding output.

No. Training 
Algorithm

Hidden 
Layers

MSE R 
(All)

Comment

1 Levenberg-
Marquardt  

10 0.99906 This  training  shows  a  low  MSE 
and  a  close  relationship  between 
the inout and targets

2 bayesian 
regularizatio

n

10 0.99942 This  algorithms  shows  an  even 
stronger correlation  between the 
inputs and targets data. However 
it  took  a  slightly  longer  time  to 
run but produced a better results.

3 scaled 
conjugate 
gradient

10 0.99706 This algorithm shows the least 
correlation and highest MSE. 

However it was the fastest to run  "

"

"
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Figure 3: Network + Regression Results Figure 4: Network + Regression Results 



Code

% Training Function to choose from
% 'trainlm' is usually fastest.
% 'trainbr' takes longer but may be better for challenging problems.
% 'trainscg' uses less memory. Suitable in low memory situations.
% 'trainrp' corresponding to resilient backpropagation
trainFcn = 'trainlm';  % Levenberg-Marquardt backpropagation.

% Create a feed-forward backpropagation 
net=feedforwardnet([10,8,5], trainFcn);  

    net.trainparam.show=50;
net.trainparam.lr=0.01;
net.trainparam.epochs=1000;
net.trainparam.goal=0.05;

%Default parameters for the training, validation and testing
net.divideParam.trainRatio=0.7;
net.divideParam.validRatio=0.15;

net.divideParam.testRatio=0.15;

% Train the Network
    [net,tr] = train(net,x,t);

% Test the Network
    y = net(x);
    e = gsubtract(t,y);
    performance = perform(net,t,y)

% View the Network
    view(net);

% Generate Simulink block for neural network simulation    
    gensim(net)
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Figure 6: view(net) - The Network View

Figure 7: Gensim - Simulink Block/ANN Brain + internal structure  

• 70% will be used for training.
• 15% will be used to validate that the network is generalising 
and to stop training before overfitting, thats why its important to 
choose the right number of epochs to avoid any underwriting or 
overfitting.  Also  the  circler  on the  graph beside  indicated the 
stoping of the training as the validation becomes stable.
• The last 15% will be used as a completely independent test of 
network generalisation.

Figure 5: Performance graph



Comparing the ANN Model with the original

Taking the generated simulink block form our code above, which has our design inside it 
we can compare the output of the NN to that of the house. So feeding in the same inputs 
as the house we can see the rustling output on figure 8 below. The results are significantly 
similar. However,  there are few notches coming out of the ANN output, this could be due 
to the imperfection of the data we have, which created a small MSE and Regression value 
to  be  less  than  1  on  our  NN.  Removing  these  anomalies  from  the  dataset  we  could 
improve and prefect the NN.  

2) Fuzzy Logic controller Development 

What is a fuzzy control system?
A fuzzy control system is a control system based on fuzzy logic - a mathematical system 
that analyses analog input values in terms of logical variables that take on continuous 
values between 0 and 1, in contrast to Boolean logic, which operates on discrete values of 
either 1 or 0 [2].

The  control  system used in  this  model  is  based on a  boolean ON/OFF system.  Such 
systems do not give a constant temperature and it uses more energy to run. In this section 
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Figure 8: Comparing the developed ANN with the original model

Note: Time given in units of hours
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a  fuzzy  logic  controller  will  be  developed to  replace  the  ON/OFF thermostat  on  the 
current system. This will allow for a continuous control of the house temperature based 
on the current and outside temperatures. 

The current system uses a thermostat that contains a Relay block. The thermostat allows 
fluctuations of  2  degrees Celsius above or below the desired room temperature.  If  air 
temperature drops below 18 degrees Celsius, the thermostat turns on the heater and if its 
above 22 it turn it off. As a result a continuous switching ON/OFF of the thermostat is 
required and therefore a continuous fluctuating on temperature, as shown on figure 10.

Designing the Fuzzy logic controller  

Defining Fuzzy Sets
Fuzzy logic starts with the concept of a fuzzy set. A fuzzy set is a set without a crisp, 
clearly  defined  boundary  [3].  It  can  contain  elements  with  only  a  partial  degree  of 
membership. Here are a reasonable sets that can be used for the controller;

Inputs: 
Outside Temperature: 0 - 20℃ (Cold, Warm, Hot)
Temperature Error: -2 to +2 (Positive (P), Zero (Z), Negative (N))
Output:
Blower Command: 0 - 1 (OFF, LOW, MED, HIGH, MAX)

Membership Functions
A membership function (MF) is a curve that defines how each point in the input space 
(also reared to as universe of discourse) is mapped to a membership value (or degree of 
membership)  between 0  and 1  [3].  For  the controller  design a  Gaussian membership 
function will be used as its a popular method for specifying the fuzzy sets. Also it has the 
advantage of being smooth and nonzero at all points. 

If-Then Rules
Fuzzy sets and fuzzy operators are the subjects and verbs of fuzzy logic. These if-then rule 
statements are used to formulate the conditional statements that comprise fuzzy logic and 
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Figure 10: Indoor versus outdoor temperatures 



therefore the controller we looking to achieve. Table 2 shows the mapping of the input and 
output space which gives the if-then rules required to control the thermostat. 

   i.e. 
IF Temp Error is Negative AND Outside Temp is COLD 
THEN set blower to Medium. 

IF Temp Error is  Positive AND Outside Temp is COLD 
THEN set blower to Max

Matlab Fuzzy logic controller implementation

Now we will take our design and implement into a fuzzy inference system (FIS) using 
Matlab  Fuzzy  Logic  Toolbox.  Figure  11,  shows the  over  all  design  of  the  fuzzy  logic 
system of the controller, the membership functions of the inputs and output, and the rule 
base based on table 2.  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Blower N Z P

COLD MED HIGH MAX

WARM LOW MED HIGH

HOT OFF LOW MED

Table  2:  Mapping  the  inputs  with 
outputs and building our Rule Base
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Figure 11: Fuzzy inference system implementation



Rule Viewer
The Rule Viewer displays a roadmap of 
the  whole  fuzzy inference process.  It  is 
based  on  the  fuzzy  inference  diagram 
described  in  Figure  11.  Lets  take  the 
numbers displayed to see how it relates 
to  the  rule  base.  Temp  error  of  -0.09 
which  is  about  Z  from  the  member 
function, Temp outside of 8.86 which lies 
under  warm  and  the  results  of  blower 
command  of  0.505  sets  the  blower  to 
medium.   This  gives  a  visual 
understanding  of  the  results  to  expect 
from the fuzzy system we designed.

Surface Viewer 
The  surface  viewer  shows  a  three-
dimensional  curve  that  represents  the 
mapping  from  temperature  error  and 
outside temperature to blower command. 
Here  we  can  see  a  well  distributed 
mapping that confirms our design.

Adding the Fuzzy system to the model
Adding  the  designed  fuzzy  system  to  the  model  is 
quite simple now. All that is needed to be done is adding a Fuzzy Logic controller and 
linking the FLC file to it. The implemented FLC is shown below on Figure 14. The inputs; 
temperature error and output temperature are connected to gains blocks to modify the 
inputs to achieve smoother and continues adjustments on the controller. Also a negative 
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Figure 13: Surface Viewer

Figure 12: Rule Viewer

Note: Time given in units of hours

Thermal Model of a House using Fuzzy Controller

Copyright 1990-2006 The MathWorks Inc.
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Figure 14: FLC implementation



constant (-0.4) is added to act as an offset to  limit the defuzzified blower command output 
from 0 to 1. Fine tuning these parameters allows for an even smoother system. 

Comparing  the  results  obtained  from  the  original  ON/OFF  controller  and  the 
implemented FLC, we can see that a much smoother and almost flat switching is achieved  
using the FLC. The error has reduced from ±2 to ±0.2. This in turn has reduced the energy 
cost from $28.00 in two days to about $27.00. 

Conclusion  
To conclude, in this assignment we have explored some of the many applications of  an 
intelligent  system  in  the  engineering  filed.  We  focused  on  two  main  aspects;  the 
development  of  ANN  for  modelling  the  heat  control  in  a  house  and  a  fuzzy  logic 
controller to replace an ON/OFF switch of a thermostat.  

The ANN development showed a reasonable results on modelling the heat control in the 
house with strong relationship between the inputs and the outputs thats was fead into it. 
A regression value of 0.99942 was achieved after testing different types of training a NN. 
As a result  the NN model produced a very close output to the original house model, 
except for few unstable points. These errors can be reduced by retraining the NN with 
more data. 

The  fuzzy  logic  controller  development  required  less  training  and  more  of  a  human 
structured logic in order to develop the rule base and defining the sets required to control 
the  thermostat.  The FLC allowed for  a  much smoother  control  of  the  thermostat  and 
subsequently it reduced the energy cost by $1. 

Overall this assignment has been an enjoyable and valuable lesson on Intelligent systems. 
It provided a strong introduction and foundation to developing an ANN. It has also been 
an eye opening to the endless  possibilities  of  implementing IS  on different  fields and 
applications such as automative, medical, robotics and much more.
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Figure 15: Comparing ON/OFF to FLC simulation results 
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