
 
Abstract — This paper shows how “soft computing” 

could be useful to solve control problems. For this aim the 
dynamic of temperature in a room has been modelled, 
simulating it by the use of an Artificial Neural Network 
(ANN) opportunely trained. Then, using this model, two 
main kinds of controllers have been tuned using a genetic 
algorithm: a standard PID and a Fuzzy PID. Then the 
advantage of fuzzy systems, intended as “supervisors” to 
standard PID controllers, was experimented. A final 
comparison shows that fuzzy systems, if well tuned, could 
give great results in control. 

I. INTRODUCTION 

N common applications it’s easy to find processes to 
control much different from 
each other, and just rarely we can interact with them 

simply and directly. Moreover we don’t always know the 
laws that rule them, and so, we can dispose rarely of a 
model that is more possible equal to the real model, 
which is the object of control. It’s so useful to use some 
tools to examine how a process changes its state by 
external stimuli, and so, how to find to infer his natural 
knowledge. 

The aim is to determine a new system that, in the same 
conditions, generates interactions to much similar to 
those of the observed system. In particular, if the 
behaviour of the system can be represented by a 
particular collection of significant data, we want that, 
with the same external stimuli, the new system generates 
a similar collection. 

 

A. Artificial Neural Networks 

 
A really useful and powerful tool for the aim is 

represented by artificial neural networks (ANN): these 
are made linking an elevated number of unities, i.e. 
artificial neurons [8]. Each neuron receives signals 
generated by other neurons, giving them a weight and 
summing them. According to the activation threshold 
value the neuron produces an output signal that is sent to 
the other neurons. Each neuron carries out a singular 
activity. The neuron set, then, makes rise a globally  
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complex behaviour, as that typical of an universal 
interpolator. 

The kind of  networks that we’re considering are the 
MLP (Multi Layer Perceptron) networks, that are the 
most common. 

An universal interpolator like this is a static element, 
indeed, received signals in input generates output signals. 
A dynamic system, instead, reacts to external stimuli 
giving in output results and also changing its state. In 
order to substitute a dynamic system with a neural 
network, we have to render a neural network as a 
dynamic element: it’s essential to feedback the state 
variables in input [8]. Later is described the training of a 
similar neural network. 

 

B. Fuzzy Control 
 

To realise a control system we need a proper model of 
the plant to control and an appropriate control technique. 
Literature offers a lot of control techniques in the case of 
linear systems, and even quite simple. Unfortunately in 
the realty just a few physical systems can be modelled 
simply. So, two are the possibilities: either we use 
approximations of the model (that could be often 
enforced) to apply standard control solutions or we use 
alternative modelling methods, for example using ANN. 
But this kind of plant could have heavy non-linearity, so 
a good choice for the controllers can be in fuzzy logic 
based controllers [1]. Binary logic is generally used in 
information and technological fields, and it’s based on 
the existence of two exclusive concepts: true and false. In 
this logic an element can or cannot belong to a set. Fuzzy 
logic represents a vague world, where the absolute true 
and the absolute false are just two particular cases. So, an 
element can belong to one or more set with different 
belonging grades. This kind of logic is more useful to 
control systems which models are representable using a 
nearly human language (made exactly of vanished 
concepts) or systems for which we haven’t a precise 
model. So, fuzzy logic, used with other “soft computing” 
techniques, is getting always more applications even in 
much different fields. 
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However, exactly for the absence of a precise 
mathematical model, and of the controller and of the 
system, controller and its tuning could be very complex 
[3]. This paper shows how is possible to use easily a 
Fuzzy controller and, above all, how it’s possible 
optimizing it using just the empirical knowledge of the 
model, and using innovative methods as genetic 
algorithms. 

 

C. Genetic Algorithms 

 
Genetic algorithms (GA) are adaptive methods that 

can be used to search a solution in optimization problems 
[5]. They’re based on analogue processes as the 
biological organisms. Through much generations, natural 
populations evolve according to natural selection 
principals and of the survival of the best individual. 
Miming this process, genetic algorithms can search 
solutions to real world problems, in condition that they’re 
encoded opportunely. 

II. SYSTEM  MODELING 
 

A. Model equations 
 

The considered system consists of a room of fixed 
dimensions that can exchange heat to extern. We 
imagined to have an effector that generates thermic 
power, and entering (positive) that exiting (negative). 
The physical laws of this system are [6][7]: 
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Equation (1) expresses the thermic balance of the 

room, (2) expresses the temperature variation of the wall 
and has the following boundary conditions: 
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where: 

• Q
•

 is thermic power we enter in the system 

• ,conv iQ
•

 is the convection thermic power from 

internal air temperature and the wall internal 
layer 

• ,cond pQ
•

 is the conduction thermic power inside 

the wall 

• ,conv eQ
•

 is the convection thermic power from the 

wall external layer and the external air 
temperature 

• irrQ
•

is the radiating temperature 

• sunQ
•

is the sun thermic power 

• T  is the internal air temperature 

• ps  is the wall width 

• Ts  is the wall temperature, defined as 
( , )Ts Ts x t= ; Tse is the temperature of the 

external side of the wall (Ts( ps ,t)) while Tsi is 

the internal side one (Ts(0,t)) 
• A is the wall area 

• pl  is the wall thermal conductivity 

Equations (3) and (4) represent thermal balances on 
the internal and external side of the wall; (5) represents 
the initial condition. Equation (2) is well known as 
Fourier equation and describes the temperature gradient 
in the wall. We need to consider it to make more realistic 
the model. In fact, if we consider the wall as an entity 
with the mass concentrated in a point, external 
temperature influence will be really irrelevant. So, 
considering wall geometry, and so the temperature 
gradient, we obtain a more realistic dynamic. 

 

B. Data collecting 
 

To simulate the system described using Matlab we 
could implement (1) and (2). However, Fourier equation 
needs an huge calculation effort, and so it’s not so much 
adaptable for a real time simulation. To obviate this 
inconvenience, we’ve chosen to substitute the wall 
dynamic with a dynamic neural network [8], that is a 
neural network where network inputs comprise past input 
data or past output data, or both. 

First thing to do is to individuate which are the input 
and the state variables. Then we’ve to create a data 
collection that represents the outputs of the system 
related to certain inputs in certain states. 

In this case the input variables are: 
1. Room temperature (T) 
2. Derivate of room temperature (dT/dt) 
3. External temperature (Te) 
4. Derivate of external temperature (dTe/dt) 
5. Wall internal temperature (Tsi) at previous instants 

The neural network will generate Tsi variable at the 
current time that represents its state. To collect data, 
we’ve integrated (2) (using ����� Matlab function) 
considering variables variations range such to simulate a 
realistic behavior, particularly the temperatures in range 
280K ÷ 320K. Then we changed duration of simulations 
and the forms of T and Te variables, chosen to obtain an 
uniform collection of data. 

This collection of data is representative of the behavior 



of the system simulated. However, we need to filter it for 
two main reasons. First, the collection of data is very 
huge, so the time for training the neural network could be 
very long. Second, we could individuate class of data that 
give the same information to neural network, making it 
too similar to an associative memory instead to 
generalize the system law. The steps we follow to do this 
are: 
1. Sampling the data 
2. Checking the states variance 
3. Clustering algorithm application 

Sampling data consists in establishing little ranges of 
variation for the variables and to classify each pattern 
according to the ranges which its variables belong to. 
Then, we can determine sets of pattern belonging to the 
same ranges, and for each of them we can consider just 
one, possibly the one that is more representative of its 
class (for example the pattern that is the nearest to the 
geometrical center of the class). So we can consider even 
the 75% of the data collected. 

To avoid patterns that give few informations to the 
neural network, we can choose just them that have a 
good variance on the previous instants. Indeed if the 
system in a certain state with some inputs changes very 
few its state, then that pattern isn’t very useful for the 
training. So, established a limit value for the variance, we 
have discarded the patterns which state variance is below 
that threshold value. So varying this value we can reduce 
the data collection size. At the end we can use a 
clustering algorithm that numerically determines the 
clusters of the data collection. The algorithm used in our 
project is the fuzzy clustering c-means [10]. 

The system velocity (referring to the simulation time 
or to the environment in which the system operates) is an 
important feature. Indeed a fast system produces states 
more distant among them, giving more information to the 
network. Moreover it could prevent from a bad data 
collection, while a slow system (as in our case) requires a 
careful strategy for collecting data. Particularly in this 
second case is useful to reduce the data collection to the 
essential informations.  

 

C. Neural Network Topology 
 

The neural network we used is a MLP (Multi Layer 
Perceptron) network trained with EBP (Error Back 
Propagation) algorithm with adaptive learning rate and 
momentum. We used the 70% of collected data to train 
the network and the other 30% to test it. To decide the 
topology of the network we tried much configurations, 
increasing the number of neurons and of layers until we 
found that topology that better interpolates collected data, 
considering needed training epochs and the final MSE. 
We finally used a network composed of three hidden 
layers, the first of 20, the second of 10 neurons and the  
 

 
Fig. 1. Effector 

 
third of 1 neuron . First two layers have “tansig” 
activation functions and the third a “linear” activation 
function. 

III. TRADITIONAL CONTROL USING  PID VS. FUZZY CONTROL 

 

A. Control Scheme 
 

To test these two types of “control strategy” we used 
the traditional feedback control scheme. So, giving a set 
point to follow, the controller has to decide the right 
control action to apply to the plant to make his 
temperature follow the set point. The controller has to 
decide knowing just the error produced by the system. To 
make a more realistic simulation we also modelled the 
effector giving to it some saturation limits (± 5000 W) 
and some speed limits (± 400 W/s). The scheme used is 
showed in Fig. 1. 

 

B. Using Genetic Algorithm to tune controllers 
 
The GA used to tune controllers is a single objective one; 
so we can minimize only one function called fitness 
function. It’s very important to choice a fitness function 
that describes the problem in a good way. Our fitness 
function minimizes the following parameters: 
1. The difference between the average value of the 

output and the set point 
2. The output variation 
3. The speed of the control action 
4. The module of the control action average value 
Since we can minimize only one function (but in the 
previous list we have 4 parameters) we choose to 
minimize a weight sum of these parameters. If we look to 
them as the components of a vector in a 4-dimensional 
hyper-space, we can minimize them minimizing the 
module of that vector. For better precision, we calculate 
the average value of that module on five simulations 
where we change some conditions (for example, adding 
“some noise”, that is a brutal variation of the external 
temperature Te). 

 

C. PID Tuning Using GA 
 

We have used an anti – wind up PID; since the set 
point can change roughly the PID applies the derivative 
action on the output instead to apply it on the error. The 
parameters that have to be tuned are: Kp, Td and Ti. The 
GA must search the best values in a search-space. To 
have an idea of such a search space we used the Ziegler – 
Nichols techniques, then we changed step by step the  
 



 
Fig. 2. Fuzzy PD controller 

 

 
Fig. 3. Fuzzy PI controller 

 
values observing the system response. The useful ranges 
of the parameters (and, so on, the search-space) we found 
are: 

[ ]0 0,2Kp ∈ ÷         [ ]0 0,5dT ∈ ÷            [ ]0 10iT ∈ ÷  
 
Each parameter has been coded in GA like a 

chromosome of 10 bits. The individual is then composed 
of 30 bits. The chosen cross-over technique is crossover 
intermediate that produces offspring using a weight 
average of parents. The end-criterion is the maximum 
number of generations without improvements, that we set 
to 5. The GA produced his results in about 20 
generations. 
 

D. Tuning of Fuzzy PD and Fuzzy PI Controllers 
using GA 

 
The control law of a PD controller is (6): 
 

( ) ( )p du K e t K e t= +
�

            (6) 
 

Where u is the control action and e(t) is the error. To 
make a fuzzy PD controller we need a fuzzy system with 
two inputs: error and its derivate (Fig.2). 
The control law of a PI controller is: 
 

( ) ( )p iu K e t K e t dt= + �       (7) 

 
To make a fuzzy PI controller we need error and its 
integral as inputs to the fuzzy system. But, because it’s 
very difficult to make rules for the error integral, we can 
use error and its derivate like for the fuzzy PD [4]. In 
fact, if we derive the expression: 
 

( ) ( )d p iu K e t K e t= +
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     (8) 

 
If we use error and its derivate, and we consider the 
fuzzy system output as the control action increment �u,  
 

1

to plant

error

deriv ate

output

fuzzy system

1
s

Integrator

PI

Gain2

PD

Gain1du/dt

Derivative

1

error

PD action

PI action

PID action

 
Fig. 4. Fuzzy PID controller 

 
we have a fuzzy PI controller. Simply integrating its 
output we obtain the control action (see Fig.3). 

We selected the same kind and number of MFs, and the 
same rules for both the controllers. We gave to GA the 
task to find the best position for all of the MFs [9]. The 
obtained fuzzy PD made the system very damped, 
without overshoot but with some steady–state error. The 
GA tuned fuzzy PI made the system very slow, with 
bigger rise time and little overshoot, but without steady-
state error. However we preferred tuning and testing a 
Fuzzy PID Controller, which has both derivative and 
integrative control actions. 

 

E. Tuning of Fuzzy PID Controller Using GA 
 

A fuzzy PID controller is the sum of the actions of a 
fuzzy PD controller and a fuzzy PI controller. If we use 
(like in this case) the same rules and the same kind and 
number of MFs for both the controllers, the fuzzy PID  
scheme is the one in Fig.4 [4]. 
The input consists of 2 elements: the error value and its 
derivate opportunely scaled. The fuzzy system produces 
an output in the range [-1, 1] that we can scale to obtain 
the right value of the control action. Adding the output 
with its integral we obtain a control action similar to the 
one of a standard PID. Our controller is a “Mamdani” 
fuzzy system with 5 MFs for the inputs and 9 MFs for the 
output. The inputs MFs are: 

TAN: too much negative (trapezoidal) 
AN: much negative (trapezoidal) 
N: zero (triangular) 
AP: much positive (trapezoidal) 
TAP: too much positive (trapezoidal) 

Output MFs are: 
MMN: too much negative (trapezoidal) 
MN: much negative (trapezoidal) 
N: negative (trapezoidal) 
PN: little bit negative (trapezoidal) 
C: zero (triangolar) 
PP: little bit positive (trapezoidal) 
P: positive (trapezoidal) 
MP: much positive (trapezoidal) 
MMP: too much positive (trapezoidal) 

The Mac Vicar-Whelan matrix of rules is showed in 
Table I. With these rules the relationship between output 
and inputs is the one in Fig.5. If the fuzzy system was a 
linear one we would have a plane surface. For a non 
linear system (this case) the surface is more complex. 
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TABLE I  
MAC VICAR – WHELAN MATRIX OF RULES 

 

 Error derivate 

 TAN AN N AP TAP 
TAN MMN MN N PN C 
AN MN N PN C PP 
N N PN C PP P 

AP PN C PP P MP 
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Fig. 5.Rules surface 

 
This time the task of GA is to find the best position of 

all the MFs. The positions of MFs has been coded  in the 
individual, composed of 290 bits, with these criteria [9]: 

- each vertex has a range of variation, so its position 
need a precise number of bits to be coded depending on 
the chosen resolution 

- positions of the little-base vertices are directly coded 
- position of big-base vertices are coded as distance 

from the little-base vertices 
- MFs must not leave “empty spaces”: they must be 

contiguous 
- If a MF operates in the range ]0,1] it can’t have 

vertices in the range [-1,0[ and vice-versa. 
The 290 bits codes 15 MFs positions for each input 

and 30 MFs positions for the output. GA obtained after 
11 generations a fitness value of 23,07 corresponding to 
the MFs’ dispositions in Fig.6, Fig.7 and Fig.8. 
 

 
Fig. 6. Error Membership Functions 

 

 
Fig. 7. Derivate Error Membership Functions 

 
 

 
Fig. 8. Control Action (ud) membership functions 

 

F. Incremental Fuzzy PID Tuning 
 

In this technique the fuzzy system acts like supervisor 
of a standard PID and, depending on specific work 
conditions, it modifies the PID parameters following 
these empirical rules [2]: 

- Reducing the proportional gain (Kp) reduces 
overshoots; incrementing it minimizes the rise time. So 
the best way it’s to increment Kp during the initialization 
and to reduce it when the output exceeds the set point  

- The integral action (Ki) is responsible for the steady 
state precision but produces overshoots: we can 
increment Ki during the initialization and reduce it when 
the output exceeds the set point 

- The derivative action (Kd) damps the output: we can 
increment it when the systems produces overshoot 

We can express each PID parameter like a sum of a 
constant value (manually or GA tuned) and a value given 
by the fuzzy supervisor [4]: 
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    (9) 

 
where �Kp, �Ki e �Kd are given by the fuzzy supervisor; 
k1, k2, k3 are the weights of the variations (you can give 
more importance, for example, to the variation of Ki).  

The presence of non linearity (like saturations, rate 
limiter, or plant non linearities) makes very difficult to 
implement this technique for the choice of the rules. 
Indeed we used two different fuzzy supervisors in case 
we considered the rate limiter for the effector and in case 
we didn’t.  

 

G. Control Techniques Comparison 

 
Now we show a comparison among the techniques in 

the same situation: the external temperature Te is initially 
295K but at t = 80s it changes to 290K. 

 
 

 
Fig. 9. Temperature Outputs 



 
Fig. 10. Control Action Variables 

 

IV. CONCLUSIONS 

 
In this work we showed some possibilities offered by 

the new AI techniques in automation, in modelling and in 
controlling area. We showed how it’s possible to train an 
ANN to replace a system and to do some control 
experiment. Although we trained the ANN using the 
known model equations, the approach can be used in 
different cases, for example when you have not the 
equations but it’s possible to collect significant data from 
the real system. To control such a kind of complex 
system, fuzzy logic allows to enlarge more the space of 
solutions for the control law then the Boolean logic, so 
the searched  law can suit better  the model peculiarities.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

After the controller design, you can improve the features 
of the control system using evolutionary techniques that, 
although based upon probabilistic considerations, 
constitute a powerful medium for one of the most 
important engineering problem: optimization. 
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