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ABSTRACT 

Depropanizer column of PGB, like a normal distillation column has a complex and 

integrating system thus the operation and control of the column can be very difficult. 

Artificial Neural Network (ANN) possesses inherent nature of model and learning 

complexities hence the implementation of Neural Network in the depropanizer 

column as the composition predictor is appropriate by nature. In this perspective, this 

project was aimed at implementing ANN in the top propane (C3) composition 

prediction. Several types of ANNs like Feedforward, Elman, Cascade forward and 

Radial Basis Network were investigated to find the configuration and parameters 

that could yield the optimum performance. Ultimately, the performance would be 

compared to find which type of ANNs tested was the best in the prediction of C3 in 

the depropanizer column in PGB. To achieve these objectives, the project was 

fragmented into several steps beginning with prediction using Multiple Linear 

Regression (MLR) on the raw data of 18 inputs and 1 output as the benchmark. All 

predictions would employ test-set cross validation method with partition of 20% of 

total data to test set and 80% as training set. Principal Component Analysis (PCA) 

was then performed on the data to reduce the dimensionality and a comparative 

study was done by using MLR to investigate the effect of PCA to the prediction 

performance. PCA reduced the data to 6-dimensional inclusive of 1 output and 

managed to improve the performance of MLR by demonstrating better point 

concentration. The dimensionally-reduced data was then implemented in the ANNs 

and several comparative studies were carried to find which the best was. Based on 

these studies, it was concluded that Radial basis network was the best ANN that 

could simulate the composition of C3 in the depropanizer column with the highest 

accuracy. 

V 



TABLE OF CONTENTS 

ACKNOWLEDGEMENTS .................................................................. iv 

ABSTRACT ..................................................................................... v 
CHAPTER 1 INTRODUCTION ........................................................... 1 

1.1. Background of Study 
.................................................................... 1 

1.2. Problem Statement ....................................................................... 1 

1.3. Objectives and Scope of Study 
......................................................... 2 

CHAPTER 2 LITERATURE REVIEW 
.................................................. 3 

2.1. What is Neural Network? 
................................................................................... 3 

2.2. Simple Neuron 
........................................................................... 3 

2.3. McCulloch and Pitts (MCP) model .................................................... 4 

2.4. Major Aspects of a Neural Network 
.................................................. 5 

2.5. Processing Units 
......................................................................... 6 

2.6. Connection between Units ............................................................. 6 

2.7. Activation and output rules ............................................................ 7 

2.8. Network Topologies 
..................................................................... 8 

2.9. Training .................................................................................... 9 

2.10. Paradigms of learning 
.................................................................. 9 

2.11. Patterns of connectivity Modification 
............................................... 9 

2.12. Network Architectures 
............................................................... 10 

2.13. Cross Validation ...................................................................... 11 

2.14. Multiple Linear Regression ......................................................... 
12 

2.15. Principal Component Analysis ...................................................... 13 

2.16. Covariance ............................................................................. 14 

2.17. Eigenvector 
............................................................................ 15 

2.18. Eigenvalues ............................................................................ 16 

CHAPTER 3 METHODOLOGY ......................................................... 
17 

3.1. Research Methodology ................................................................ 
17 

3.2. Primary Data Analysis 
............................................................ ..... 17 

V1 



3.3. Prediction using Multiple Linear Regression (MLR) on original data.......... 20 

3.4. Dimension reduction of original data using Principle Component Analysis ... 
20 

3.5. Prediction using Multiple Linear Regression (MLR) on New Data ............. 
25 

3.6. Prediction using Artificial Neural Networks (ANNs) ............................. 
25 

CHAPTER 4 RESULTS AND DISCUSSION .......................................... 29 

4.1. Multiple Linear Regression using Original data .................................... 
29 

4.2. Multiple Linear Regression using New data ........................................ 30 

4.3. Artificial Neural Network (ANN) .................................................... 31 

4.3.1. Feedforward Neural Network (new#) ...................................... 
31 

4.3.2. Elman Neural Network (newelm) 
.......................................... 

36 

4.3.3. Cascade-forward Neural Network (newcj) 
................................ 

41 

4.3.4. Radial-Basis Networks (newrbe and newrb) .............................. 
45 

4.4. Comparative study: ANN vs. MLR 
.................................................. 

49 

CHAPTER 5 CONCLUSIONS AND RECOMMENDATIONS ................... 
50 

5.1. Conclusions 
.............................................................................. 

50 

5.2. Recommendations ...................................................................... 50 

REFERENCES ............................................................................... 51 

APPENDICES ................................................................................. xi 

Vll 



LIST OF FIGURES 

Figure 2.1: Simple neuron (Stergiou and Siganos, 2007). 4 

Figure 2.2: MCP model (Stergiou and Siganos, 2007). 4 

Figure 2.3: An artificial neural network (Kröse and Smagt, 1996) 5 

Figure 2.4: Another way of representing the major aspects by MATLAB® (Beale 

and Demuth, 2002) 6 

Figure 2.5: Typical activation function of a unit (Kröse and Smagt, 1996) 7 

Figure 2.6: Hard-limit function (Beale and Demuth, 2002) 7 

Figure 2.7: Linear function (Beale and Demuth, 2002) 8 

Figure 2.8: Log-sigmoid function (Beale and Demuth, 2002) 8 

Figure 2.9: An example of LOOCV (Moore, 2009) 11 

Figure 2.10: An example of k-fold cross-validation (Moore, 2009). 12 

Figure 3.1: An example of primary data analysis 18 

Figure 3.2: Cumulative Summation Percentage of Eigenvalues 23 

Figure 3.3: Scree Plot of Eigenvalues 24 

Figure 3.4: Decision layer in establishing ANN in this project 26 

Figure 4.1: Graph of predicted C3 composition vs. actual C3 composition for 

prediction using MLR (original data) 29 

Figure 4.2: Graph of predicted C3 composition vs. actual C3 composition for 

prediction using MLR (new data) 30 
Figure 4.3: Training data prediction using newff with 8 hidden neurons in a single 

hidden layer using logsig transfer function 34 

Figure 4.4: Testing data prediction using newff with 8 hidden neurons in a single 

hidden layer using logsig transfer function 35 

Figure 4.5: Graph of predicted C3 composition vs. actual C3 composition for 

prediction using newff with 8 hidden neurons in a single hidden layer 

using logsig transfer function (training) 35 
Figure 4.6: Graph of predicted C3 composition vs. actual C3 composition for 

prediction using newff with 8 hidden neurons in a single hidden layer 

using logsig transfer function (testing) 36 

Figure 4.7: Training data prediction using newelm with 5 hidden neurons in a single 
hidden layer using tapsig transfer function 39 

viii 



Figure 4.8: Testing data prediction using newelm with 5 hidden neurons in a single 

hidden layer using tansig transfer function 39 

Figure 4.9: Graph of predicted C3 composition vs. actual C3 composition for 

prediction using newelm with 5 hidden neurons in a single hidden layer 

using tansig transfer function (training) 40 

Figure 4.10: Graph of predicted C3 composition vs. actual C3 composition for 

prediction using newelm with 5 hidden neurons in a single hidden layer 

using tansig transfer function (testing) 43 

Figure 4.11: Training data prediction using newcf with 6 hidden neurons in a single 
hidden layer using tansig transfer function 43 

Figure 4.12: Testing data prediction using newcf with 6 hidden neurons in a single 
hidden layer using tansig transfer function 43 

Figure 4.13: Graph of predicted C3 composition vs. actual C3 composition for 

prediction using newcf with 5 hidden neurons in a single hidden layer 

using tansig transfer function (training) 44 

Figure 4.14: Graph of predicted C3 composition vs. actual C3 composition for 

prediction using newcf with 5 hidden neurons in a single hidden layer 

using tansig transfer function (testing) 44 

Figure 4.15: Training data prediction using newrbe with SPREAD = 0.6 46 

Figure 4.16: Testing data prediction using newrbe with SPREAD = 0.6 46 

Figure 4.17: Graph of predicted C3 composition vs. actual C3 composition for 

prediction using newrbe with SPREAD = 0.6 (training) 47 

Figure 4.18: Graph of predicted C3 composition vs. actual C3 composition for 

prediction using newrbe with SPREAD = 0.6 (testing) 47 

ix 



LIST OF TABLES 

Table 2.1: Pros and cons of different types of CV (Moore, 2009). 12 

Table 3.1: Normal limits of A-621 19 

Table 3.2: Cumulative Summation Percentage of Eigenvalues 23 

Table 4.1: Comparative study of performance criteria for newff based on different 

number of hidden neurons 33 

Table 4.2: Comparative study of performance criteria for newff based on different 

type of transfer function algorithms 33 

Table 4.3: Comparative study of performance criteria for newff based on different 

number of hidden layer 33 

Table 4.4: Comparative study of performance criteria for newelm based on different 

number of hidden neurons 37 

Table 4.5: Comparative study of performance criteria for newelm based on different 

type of transfer function algorithms 37 

Table 4.6: Comparative study of performance criteria for newelm based on different 

number of hidden layer 37 

Table 4.7: Comparative study of performance criteria for newcf based on different 

number of hidden neurons 42 

Table 4.8: Comparative study of performance criteria for newcf based on different 

type of transfer function algorithms 42 

Table 4.9: Comparative study of performance criteria for newcf based on different 

number of hidden layer 42 

Table 4.10: The performance of newrbe by variation of SPREAD values 45 
Table 4.11: The performance of newrbe and newrb with SPREAD = 0.1 48 

Table 4.12: Summary of performance of ANNs 48 

X 



CHAPTER 1 

INTRODUCTION 

I. I. Background of Study 

Over the last few years, Artificial Neural Network (ANN), also usually referred as 

Neural Network have seen explosion of interest and widely applied in solving 

problems of many fields including finance, medicine, geology, physics and 

engineering. Appears to be a recent simulation development, Neural Network was 

established long before the advent of computer - surviving eras of development 

since first sparked by neurophysiologist Warren McCulloch and logician Walter Pits 

in 1943. Surviving the era of disrepute and frustration among initial researchers like 

outlined by Minsky and Papert (1969) in their book Perceptrons (1969), ANN 

nowadays emerges as an attractive tool due to its information processing 

characteristics such as non-linearity, high parallelism, fault tolerance as well as 

capability to generalize and handle imprecise information (de Canete et. al, 2008). 

In the area of process control, the application of Neural Network is observed via 

adaptive control or model-based control. By monitoring the on-line process data, 

controller can be adjusted for optimal performance through the application of Neural 

Network. There are of course some other usages like dynamic modelling, plant 

optimization and fault diagnosis employing Neural Network (de Canete et. al, 2008). 

1.2. Problem Statement 

As quoted from Fernandez de Canete et. al (2008), distillation column is one of the 

most common unit operations in chemical industrial and understanding its behaviour 

has become the most challenging job for chemical engineers. Due to its complex and 
integrating system, the operation and control of column can be very difficult and the 

same can be expected of Depropanizer column of Petronas Gas Berhad (PGB). Since 
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Neural Network possesses inherent nature of model and learning complexities, it is 

fitting to employ Neural Network in the control of a distillation column. This can be 
done by using Neural Network as the composition predictor so that corrective actions 

can be taken using this predicted value. 
However, as of January 2009, there is no effort in implementing Neural Network in 

the composition prediction in PGB, especially in the distillation columns such as 
Depropanizer. Apart from research by Fernandez de Canete et. al. (2008), there is 

also no paper found regarding Neural Network implementation in industrial-scale 

distillation column composition prediction. 

13. Objectives and Scope of Study 

The objectives of this project are: - 
1. To employ ANN in the prediction of top propane composition of 

depropanizer column in PGB 

2. To test several architectures of ANN in the prediction 
3. To compare the performance of the predictions and ultimately to suggest 

which of the ANN architectures is the best 
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CHAPTER 2 

LITERATURE REVIEW 

2.1 What is Neural Network? 

Artificial Neural Network (ANN) is an information processing paradigm that is 

inspired by the way biological nervous systems, such as the brain, process 

information. It is composed of a large number of highly interconnected processing 

elements (neurones) working in unison to solve specific problems. ANNs, like 

people, learn by example. An ANN is configured for a specific application, such as 

pattern recognition or data classification, through a learning process (Stergiou and 

Siganos, 2007). 

Some of the advantages of ANN are: - 

" Adaptive learning. ANN has the ability to learn how to do tasks based on the 

data given for training or initial experience. 

" Self-organization. An ANN can create its own organization or representation 

of the information it receives during learning time. 

" Real-time operation. ANN computations may be carried out in parallel, and 

special hardware devices are being designed and manufactured which take 

advantage of this capability. 
The following are fundamental knowledge and terminologies on ANN. 

2.2 Simple Neuron 
An artificial neuron is a device with many inputs and one output. This neuron is 

operated in two modes; training and using modes. During the training mode, neuron 

can be trained to fire (or not) for particular input pattern. On the other hand, during 

the using mode, when a taught input pattern is recognized, its associated output 
becomes the current output. If the input pattern does not belong in the taught list of 
input patterns, the firing rule is used to determine the output. 
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Figure 2.1: Simple neuron (Stergiou and Siganos, 2007). 

2.3 McCulloch and Pitts (MCP) model 

Figure 2.2: MCP model (Stergiou and Siganos, 2007). 

Like shown in figure 2, in MCP model, inputs are weighted - making the effect that 

each input has at decision making is dependent on the weight of the particular input. 

If the threshold value of firing is T, mathematically, output will fire if and only if 

XIW1+X2W2+... +X�Wl>T. 

The addition of input weights and of the threshold makes this neuron a very flexible 

and powerful one. The MCP neuron has the ability to adapt to a particular situation 
by changing its weights and/or threshold. Various algorithms exist that cause the 

neuron to 'adapt'; the most used ones are the Delta rule and the back error 

propagation. The former is used in feed-forward networks and the latter in feedback 

networks. 
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2.4 Major Aspects of a Neural Network 

In an artificial neural network, a pool of simple processing units communicate by 

sending signals to each other over a large number of weighted connections (Kröse 

and Smagt, 1996). This set of major aspects can be distinguished as follows 

(McClelland and Rumelhart, 1986; Rumelhart and McClelland, 1986): 

"A set of processing unit (or neurons, cells) 

"A state of activation yk for every unit, which also the output of the unit 

" Connections between the units which is defined by the weight wok (i. e. 
determined the effect which the signal of unit j has on unit k 

"A propagation rule which determines the effective input sk from its external 
input 

" An activation function Fkthat determines the new level of activation based on 

the effective input sk (t) and the current activation yk (t)(or the update) 

" An external input Ok (or bias, offset) for each unit 

"A method of information gathering (the learning rule) 

" An environment in which the system must operate that provides the input 

signals and error signals, if necessary 

Figure 3 illustrates the above mentioned aspects. In the following sections, some of 
these aspects will be discussed in more detail. Different way of representing these 

aspects (with different notations) is also shown in Figure 4. 

I. 

Figure 2.3: An artificial neural network (Kröse and Smagt, 1996) 
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a =f(»p+b) 
Figure 2.4: Another way of representing the major aspects. These representations are 

used in the Matlab® software. (Beale and Demuth, 2002) 

2.5 Processing Units 

A unit (or neuron, cell) generally performs the task of receiving input from 

neighbours or external sources and use this to calculate an output signal which is 

transmitted to other units (Kröse and Smagt, 1996). Before coming to that, a unit will 

have to determine the appropriate weight corresponding to the input. Since this 

system is inherently parallel, it must be noted that many units can carry out their 

calculations at the same time. 

Another thing to distinguish in a neural network system is the three types of units: 

input unit, i receives the data from outside which later be computed to produce 

output unit, o that sent to outside the network. Another is hidden unit, h whose input 

and output signals remain within the network. 

2.6 Connection between Units 

Also known as the propagation rule, the simplest form of connection is to assume 

that each unit provide an additive contribution to the input of the connected unit in 

such a way that, 

(2.6.1) 

Usually, positive wok is called excitation while negative wok is called inhibition. Units 

with this type of propagation rule are called sigma units. In a more complex 

propagation rule, a distinction is introduced between excitatory and inhibitory inputs 

(Kröse and Smagt, 1996). 



2.7 Activation and output rules 
In a neural network, this is the rule that gives the effect of the total input on the 

activation of the unit. This function Fk takes the total input Sk(t) and the current 

activation yk(t) and compute the new value of the activation of the unit k (or the new 

output) like shown in the equation: 

(2.7.1) 

Often times, the activation function is a nondecreasing function (but not limited to) 

of the total input sk 

ýý -1 .ý 
?, i: ý 

. tý'. ' ý; 
; __, 

' .. 
(2.7.2) 

In general, there are several threshold functions used like hard limiting threshold 

function (a sgn function), linear or semi-linear function and smoothly limiting 

threshold function (i. e. s-shaped sigmoid) like shown in Figure 5. (Kröse and Smagt, 

1996). 

/- - r. ---- / 

/ 
/ý 

_ý 
17l 

s` n semi-linear sicanoid 
Figure 2.5: Typical activation function of a unit (Kröse and Smagt, 1996) 

Hard-limit function limits the output of the neuron to either 0 for net input argument 

n (or sk) is less than a lower limit, say 0, and I if the net input argument n is greater 

or equal to 0. This function is used in Perceptrons to create neurons that make 

classification decisions. 

Q 
+1 

0 

------------ ----------- -1 
a= lrardl im( ýr l 

LE 

Figure 2.6: Hard-limit function (Beale and Demuth, 2002) 
Neurons that employ linear function are usually used as linear approximators in 

Linear Filters. 

+1 "F 

-> 01 



a 

of 
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Figure 2.7: Linear function (Beale and Demuth, 2002) 
A sigmoid function takes any input values ranges from plus and minus infinity and 

squashes the output into the range 0 to 1. In figure 8, the function used is log- 

sigmoid. 

a 
+1 

0 
-1 

it 3 FYI 
a= Iogsig(ii) 

Figure 2.8: Log-sigmoid function (Beale and Demuth, 2002) 

Log-sigmoid function is commonly used in backpropagation networks in part since it 

is differentiable. 

2.8 Network Topologies 

Network topologies, in a simpler language are the patterns of connections between 

the units and the propagation of data. In general, network topologies can be 

distinguished into two main branches: - 
1. Feed forward networks. Data flow from input and output is feed-forward in 

which the connections extend from output of units to inputs of units in the 

same layer or previous layer. Having said that, it is safe to say that the data 

processing can extend over multiple (layers of) units, but strictly no feedback 

connections are present. 
2. Recurrent network Unlike the earlier pattern, recurrent networks do contain 

feedback connections. In contrast to feed-forward networks, the dynamical 

properties are considered important for recurrent networks. In some cases, the 

activation values of the units undergo a relaxation process (i. e. the network 

grows to a stable in which these activations is not changing anymore). In 

some other cases, the change of the activation values of the output neurons is 
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significant enough that the dynamical behaviour constitutes the output of the 

network. (Kröse and Smagt, 1996). 

2.9 Training 
Before being implemented, a neural network has to be configured so that the 

application of a set of inputs produces the desired set of outputs. Training can be also 

thought as the process of incremental adjustment of weights based on the error made 

on training cases (Suraj, 2002). There are various methods available to set the 

strengths of the connections (weights). One way is by setting the weights explicitly 

basing on a priori knowledge. Another way is to train the neural network by feeding 

it teaching patterns and letting it change its weights based on some learning rule. 

(Kröse and Smagt, 1996). 

2.10 Paradigms of learning 

Basically, learning situations can be categorised in two distinct types: - 
1. Supervised learning or Associative learning. Network is trained by providing 

it with input and matching the output patterns. These input-output pairs can 

be provided by an external teacher, or by the system that contains the 

network (self-supervised) 

2. Unsupervised learning or self-organisation or adaptation. An output unit is 

trained to respond to clusters of pattern within the input. In this paradigm, the 

system is expected to discover statistically salient features of the input 

population. There is no priori set of category into which the patterns are to be 

grouped, in which the system is to develop its own representation of the input 

stimuli. ((Kröse and Smagt, 1996), (Makhfi, 2008) 

2.11 Patterns of connectivity Modification 

Any type of learning will result in an adjustment of the weights of the connections 
between units based on certain modification rule. In general, almost all learning rules 
for models of this type can be considered as a variant of Hebbian learning rule as 

suggested by Hebb in his Organization of Behaviour (1949) (Hebb 1949). The basic 

idea behind these is that if two units j and k are active simultaneously, their 
interconnection must be strengthened. In the simplest version of Hebbian learning, if 

j receives input from k, modification on weight wok would be 
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j: p, 
1.. 

1ji (2.11.1) 

where y is a positive constant of proportionality that represents the learning rate. 
Another common rule uses the difference between the actual and desired activation 
for adjusting weights instead of the actual activation of unit k is called delta rule or 
Widrow-Hoff rule: 

cr'; r ý; i ý/r - "1r (2.11.2) 

dk is the desired activation provided by a teacher (Kröse and Smagt, 1996). There are 

many more exotic variants of these rules have been published the last few years but 

these are the most common. 

2.12 Network Architectures 

Based on the network topologies discussed in the previous section, there are many 

variants of neural network architecture, of which some will be studied in this project. 
These neural network architectures have their own unique usage and will perform 

excellently when they are used accordingly. Some of the architectures available in 

MATLAB® are as follow (Beale and Demuth, 2002): - 

" Newc : competitive layer 

" Newcf: cascade-forward backpropagation network 

" Newelm: Elman backpropagation network 

" Newff: feed-forward backpropagation 

" Newfftd: feed-forward input delay backpropagation network 

" Newgrnn: generalized regression neural network 

" Newlin: linear neuron 

" Newpnn: probabilistic neural network 

" Newrb: radial basis network 

" Newrbe: radial exact basis network 

" Newnarx: feed-forward backpropagation network with feedback from output 

to input 

" Newnarxsp: narx network in series-parallel arrangement 

" Newdtdnn: distributed time-delay neural network 



2.13 Cross Validation 

One of the problems in the training stage of a neural network is overfitting. In this 

case, the network learns the training data too well, making it specializes to the data 

input and has not learnt to generalize to new situations. Feng et. al. (2006) define 

cross validation (CV) as a method where the limited amount of data is divided into 

groups and each group is ̀ held-out' once a time for validation. 
The main objective of cross validation is to detect and to prevent overfitting. Cross 

validation will ask the question of how well the model will predict future data. This 

can be done by using 3 techniques, 1). test set method, 2) leave-one-out cross 

validation (LOOCV) and 3) k-fold cross validation. 
In the test set method, a portion of data is randomly chosen as the test set while the 

remainder is a training set. The test set can be any percentage of the total data but the 

more common figures are 30% or 20%. Using the training data, the prediction model 
is generated. Prediction is then done using the input from test set and by using error 

quantification criteria like MSE, one can evaluate how the model performs with new 
data. Moore (2009) outlines the advantages of test set as it is very simple and cheap 

while it wastes data and is not suitable when there is not much data since the test-set 

estimator performance now has high variance. 
LOOCV is much complex compared to test set method. This can be explained in the 

example of regression by Moore (2009) in Figure 2.9. 

0 
For k=1 to R 

ý`, 1 `ý'ý_ ýt 
1. Let ý. ý be the MI record 

" 2. Temporarily remove 
from the dataset 

Y 

a 

zý 

3. Train on the remaining R-1 
" datapoints 

4. Note your error ,,., 

When you've done all points, 
report the mean error. 

-ý--- t 

L 
-I 

- I- 

ý. _ý i ý-, 
ý 

MSEL« C/ 
=2.12 

Figure 2.9: An example of LOOCV (Moore, 2009) 

The advantage of LOOCV is that it does not waste any data. However, LOOCV is 

expensive on bigger scale and has some weird behavior (Moore, 2009). 
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For k-fold cross validation, Moore (2009) explains in his example of regression like 

LOOCV shown in Figure 2.10. Table 2.1 presents the pros and cons of different 

types of CV. 

k-f 
old Cross Randomly break the dataset into k 

partitions (in our example we'll have k=3 
Validation partitions colored Red Green and Blue) 

2 

y 

x 

ir ar Regression 
+Vi. SE,; 1_,, 11, =2 05 

Fo- the rca partit, on. Train on all the 
po nts not in the red partition. Find 
the test-set sum of errors on the red 
po nts. 

For the green partition: Trair on all the 
po nts not in the green partition. 
Find the test-set sum of errors on 
the green points. 

For the blue partition: "rain on all the 
po nts not in the blue partition. Find 
the test-set sum of errors on the 
blue points. 

Then report the mean error 

Figure 2.10: An example of k-fold cross-validation. k in this case is 3 (Moore, 2009). 

Table 2.1: Pros and cons of different types of CV (Moore, 2009). 
Downside Upside 

Test-set Variance: u, relak: hIe 
estimate o° fjtL to 
performanc: 

Leave- Lpe isive. 
one-out Has some weird benavio, 
10-fold Wastes 10% of the data. 

10 times more expensive 1u times more expens '. 
than test set nstead of R times. 

3-fold Jýý, _ist r tha, 10 fo :! ! iý! 1ý'". iý brttF! than 

R-fold Identical to Leave-one-out 

For engineering practice, threefold (k=3) is considered sufficient (Witten and Frank, 

2001). 

2.14 Multiple Linear Regression 
The function of multiple linear regression is to develop a quantitative relationship 
between a group of predictor variables (the columns of X) and a response, Y. This is 

useful for 
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" Understanding which predictors has the greatest effect. 

" Knowing the direction of the effect 

" Using the model to predict future values of the response when only predictors 

are currently known (The Mathworks, 2005). 

Multiple linear regression is denoted by 

Y=Xß+ e (2.14.1) 
in which Y is an Nx1 vector values of the observation (or response) variable, X is 

an Nxp full-column rank matrix of known predictors possibly including one 

constant predictor, P. is apx1 vector of unknown coefficients (parameters) to be 

estimated and a is an NxI vector of independent random variables each with zero 

mean and unknown variance a2 (Chatterjee and Hadi, 1986). 

The problem can be solved by vector b, which estimates the unknown vector of 

parameters, P. By using least squares solution, 
b=ß= (XTX)-1XTY (2.14.2) 

b vector is returned by command reg Less in MATLAB®. The predicted values of Y 

can be calculated by simply plugging in b back into the model formula (The 

Mathworks, 2005). 

9 =Xb (2.14.3) 

2.15 Principal Component Analysis 

Principal Component Analysis (PCA) is considered as one of the most valuable 

results deriving from applied linear algebra. PCA is widely used in arrays of 

applications, from neuroscience to computer graphics for its simplicity and non- 
parametric methodology of data mining from confusing data sets. With minimal 

additional effort, PCA provides a mean for reducing a complex data to a new data of 
lower dimensionality that reveals the hidden, underlying simplified structure (Shlens, 

2005). 

PCA is also defined as a way to identify patterns in data, and expressing the data in 

such way as to highlight their similarities and differences. This is particularly useful 
for data of high dimension, where the luxury of graphical representation is not 

available (Smith, 2002). 
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PCA can be done manually using the procedure that will be covered in the 
Methodology section, or by a simple command in MATLAB® - princoMp, in which 
half of the manual procedure is done by this command. In order to assist 
understanding in the manual procedure, fundamental knowledge on covariance, 
eigenvector and eigenvalues, and matrix algebra is required. 

2.16 Covariance 

In a situation where the data sets have more than one dimension, the aim of the 

statistical analysis is usually directed to finding if there is any relationship between 

the dimensions. Standard deviation and variance however only operate on I 

dimension in which calculation of both parameters is done for each dimension of the 
data set independently of the other dimensions. In this situation, having a measure to 
find out how much the dimensions vary from the mean with respect to each other is 

very useful (Smith, 2002). 
Covariance is such a measure in which it is always measured between 2 dimensions. 

For example, for a 3-dimensional data set of x, y, z, one can measure the covariance 
between x and y, the x and z, and the y and z. Measuring the covariance between a 
dimension and itself would give the variance of the said dimension (Smith, 2002). 

The way covariance is calculated greatly resembles that of variance. Since the 

formula of variance is this: 

the formula of covariance x-y is: 

Y 
coc" (X. Y) = 

(X` - X) (Y` ) 

(1z -1) 

(2.16.1) 

(2.16.2) 

Unlike variance, the exact value of covariance is not as important as its sign. Positive 

value indicates that both dimensions increase together while negative value indicates. 

when one dimension increases, another decreases. It is should also be known that 

when a covariance value is zero, it indicates that the two dimensions are independent 

of each other (Smith, 2002). 



2.17 Eigenvector 

Eigenvectors can be thought of a special case of matrices multiplication. Consider 

the following examples: - 

`2 

`2 l) xl3)-i51) 

1) x(2) -r8/-4x(2) 

(2.17.1) 

(2.17.2) 

The first example portrays ordinary matrices multiplication in which the resulting 
vector is not an integer multiple of the original vector - the difference that 
demonstrated by the second example. One can notice that the resultant vector is 

exactly 4 times the vector (3) that being multiplied to the first vector. 

To understand how this special multiplication works, one can think the vector as a 

vector in 2 dimensional space. The vector (3) represents an arrow pointing from 

(0,0) to (3,2) while the square matrix can be thought of as a transformation matrix. 
Multiplication of this matrix on the left of a vector results in another vector that is 

transformed from its 

original position. 

From this nature of transformation arise eigenvectors. Think of a transformation that 

when multiplied to the left of a vector reflected vectors in the line of y=x. If there 

was a vector that lay on the line y=x, the resultant reflection is itself. This vector and 

all multiples of it would be an eigenvector of the said transformation matrix (Smith, 

2002). 

Some of the properties of eigenvectors are: - 
" Eigenvectors can only be found for square matrices but not all square 

matrices has eigenvectors 

"A given nxn matrix that has eigenvectors will have n of them 

" Scaling a vector by some amount will still yield the same multiple as a result. 

This is shown in the following example: - 

2x (3) 
= 

(6) (2.17.3) 

6 24 6 
\2 1)x(4)=(16)=4x`4) (2.17.4) 

" All the eigenvectors of a matrix are perpendicular (or orthogonal) (Smith, 2002). 
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Calculation of eigenvectors is usually very hard for matrix of size bigger than 3x3 

and usually done iteratively. In this project, calculation of eigenvectors (and the 
formation of eigenvectors matrix) is automated using the command gig in the 
MATLAB® 

2.18 Eigenvalues 

Eigenvalues and eigenvectors always come together and are closely related. In fact, 

in the previous section, eigenvalues have already been introduced in the examples. 
Notice how, in both examples, the resultant matrix after left-multiplication by the 

square matrix always scaled by the value of 4 of the original vector. 4 is the 

eigenvalue of the eigenvectors. It should also be pointed out that regardless of what 

multiple of the eigenvector introduced before the left-multiplication by square 

matrix, the eigenvalue would always stay the same - as demonstrated by the 

examples (Smith, 2002). 

In MATLAB®, command eig will return eigenvalues (based on usage) in a square 

matrix of the size of eigenvectors, of which eigenvalues are extracted by taking the 
diagonal values of the said matrix. This will be further demonstrated in the 
Methodology section. 
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CHAPTER 3 

METHODOLOGY 

In this chapter, the methodology employed in this project will be discussed in detail. 

This chapter starts with general fragmentations of the project and the explanation on 
these steps follows in the next sections. 

3.1 Research Methodology 

The project can be fragmented into several main steps, as shown in the following: - 
1. Primary data analysis 
2. Prediction using Multiple Linear Regression (MLR) on original data (18 

input and 1 output for training set) 
3. Dimension reduction of original data using Principle Component Analysis 

(PCA) 

4. Prediction using MLR on the dimensionally reduced data 

5. Prediction using Artificial Neural Networks (ANNs) 

The Gantt chart can be found in Appendix G. 

The following sections will explain each and every step in greater detail. 

3.2 Primary Data Analysis 
Before the raw data from the plant can be used in this project, the raw data must first 

be screened in which all the unnecessary data could be removed from data set. In this 

context unnecessary data would mean the data on the variables that do not directly 

related to the distillation column of interest (Depropanizer A. 621). This step has 

reduced the data to 19-dimensional data that includes the output variable top C3 
(propane) composition. Input data are identified to be as the follawing: - 

" Total Depropanizer feed in m3/h 

" Flow rate from deethanizer bottom product to the Depropanizer in m3/h 
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" Temperature of bottom product to the Depropanizer in deg C 

" Temperature of Depropanizer overhead stream in deg C 

" Pressure of Depropanizer overhead stream in kPag 

" Bottom level of Depropanizer in percentage 

" Flow rate of Depropanizer reflux in m3/h 

" Temperature of stream from reboiler in deg C 

" Pressure difference at top Depropanizer and tray 25 in kPag 

" Temperature at tray 5 in deg C 

" Temperature at tray 13 in deg C 

" Temperature at tray 39 in deg C 

" Temperature at tray 44 in deg C 

By knowing this, the next step is to remove the data which are outliers with respect 

to their normal maximum and minimum limit. This normally happens due to several 

operational issues like plant shutdown and occasional instrument failures. For this 

project, one important assumption is that the depropanizer runs at normal operation 

mode. This is done visually using MS Excel® as shown in the following figure. 
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Figure 3.1: An example of primary data analysis 
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This is done using the limits values supplied by PGB as shown in Table 3.1. 

Table 3.1: Normal limits of A-621 

Variables I 
Tag Description Unit Average Maximum Minimum Range 

C1 
Composition of C1 in Overhead 

Product 0.077 1.460 0.000 0-0.4 

C2 
Composition of C2 in Overhead 

Product 0.546 3.420 0.000 0-1.5 

C3 Composition of C3 in Overhead 
Product 98.482 99.970 93.870 97 - 99.5 

iC4 
Composition of iC4 in Overhead 

Product 0.871 5.620 0.000 0-2 

nC4 
Composition of nC4 in Overhead 

Product 
0.022 1.390 0.000 0-0.05 

4FY62022. PV TOTAL DEPROPANIZER FEED M3/H 143.359 179.480 32.751 120 - 170 
4FC6002. PV A601 BTM TO A621 M3/H 124.854 155.134 22.602 110-150 
4FI6202. PV A 621 TO A 641 M3/H 67.017 118.038 0.001 50 - 90 
4FC6203. SP DEPROPANIZER REFLUX M3/HR 112.757 165.000 51.755 90 - 140 
4FC6203. PV DEPROPANIZER REFLUX M3/H 112.956 165.057 0.001 90 - 140 
4TI6009. PV A601 BTM DEGC 95.807 124.045 22.352 94 - 99 
4TI6204. PV A621 OVHD DEGC 45.001 51.248 26.699 44 - 46 
4TI6205. PV A 621 BOTTOM DEGC 115.761 134.362 27.671 110-128 
4TC6231. SP T621 TO A621 DEGC 127.418 150.000 112.303 120 -150 
4TC6231. PV T621 TO A621 DEGC 132.166 155.000 112.307 120 -155 
4TI6231. PV T621 TO A621 DEGC 116.033 128.572 32.556 110-124 
4TI6214. PV A621 TRAY 5 DEGC 47.801 56.332 28.609 45 - 51 
4TI6213. PV A621 TRAY 13 DEGC 54.278 69.188 29.000 46 - 62 
4T16202. PV A621 TRAY 39 DEGC 69.649 87.605 28.384 64 - 75 
4TI6203. PV A621 TRAY 44 DEGC 101.097 107.087 31.907 98-105 

4PC6202. SP A621 OVERHEAD KPAG 1450.620 1459.984 1428.579 
1445 
1455 

4PC6202. PV A621 OVHD KPAG 1450.157 1558.965 1262.336 
1445 - 
1455 

4PD16210. PV A 621 TOP END & 25 KPAG -0.526 1.246 -0.901 -0.9 - (-0.3) 

4PD16211. PV A 621 TOP & BOT. KPAG -4.801 32.050 -5.059 -5.06-(- 
5.05) 

4LC6201. PV A621 PCT 44.510 85.824 1.319 35 - 65 
4LT6201. PV A622 PCT 44.509 85.830 1.369 35 - 65 

The data that derived from this step is called original data. The original data contains 
1390 x 19 data inclusive of output data in the first column. 
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3.3 Prediction using Multiple Linear Regression (MLR) on original data 
Using MATLAB® and Microsoft® Excel® multiple linear regression model for this 

project is generated by using the following procedure: - 

" Partition the raw data in which 80% of raw data become training data and 
20% for testing data. This is done by using Microsoft® Excel®. This step is 

called cross-validation technique or more specifically test-set method. This 

step is repeated for all predictions including that of ANNs 

" Import the data sets into MATLAB® 

" For training purpose, separate the predictors and observation into two matrix, 
X and y respectively. Matrix X has a column of ones followed by one column 

of values for each predictor variables (this is necessary to estimate the y- 
intercept of the linear model) (The Mathworks, 2005). 

" Use the command regress to generate b vector matrix. 

" Calculate prediction of y (y hat) using 9= Xb. 

" Generate the graph of y hat vs. y actual and evaluate the R3 value. 

The MATLAB® commands used is shown in Appendix A. 

3.4 Dimension reduction of original data using Principle Component Analysis 

(PCA) 
There are several ways to execute PCA in its array of applications. One of them is by 

the application Single Value Decomposition (SVD) like covered by (Shlens, 2005). 

In this project, the PCA is executed by using eigenvectors, following the procedure 

outlined in (Smith, 2002). The MATLAB® command however is partially taken 

from (Shlens, 2005) with little modification to suit the said procedure. This 

procedure is chosen since it eases the process of generating new down-sized data in 

accord to criteria as desired by author. 

Please take note that the command used is not deemed the most effort and/or 

memory effective. Like said in the previous section, simpler commands like 

princomp will cut have effort used here but is less useful in the process of learning 

the underlying theories behind PCA. 
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In this step-by-step procedure, utilization of both MS Excel® and MATLAB® is 

recommended even though more advanced MATLAB® user can solely used the 

software to derive the same result. The following are the procedure used by author 
following Smith (2002) guideline: - 

" Data adjustment 
For PCA to work properly, each data should be adjusted by subtracting the 

mean from the respective data dimension. This can be done by using MS 
Excel® manually before coming to MATLAB®. Or else, more advanced 

user can use the command by (Shlens, 2005): - 
[M, NJ = six (data): 
% subtract o the meanfor each dimension 
mn - mean(data, 2); 
data = data - repmat(mn, 1, N); 

" Covariance Matrix calculation 
This can be done manually using like discussed in section 2.4 but will be 

tedious since the data is 18 dimensional. This can be easily done by 

command cov in the MATLAB®. For example, 
cov2=cov(mad); 

where mad is the 1390 x 18 mean-adjusted data. MATLAB® will return the 

covariance in cov2 - covariance matrix of size 18 x 18. 

" Eigenvectors and Eigenvalues of Covariance matrix calculation 
Like shown in the previous example, covariance matrix is square and it is 

possible to calculate eigenvectors and eigenvalues for this matrix. They are 
important in this effort since they provide useful information about the data. 

Further information about how eigenvectors and eigenvalues provide 
information about data should be directly referred to (Smith, 2002). 

This can be done in MATLAB® using the command ems. An example of 

usage would be the one used in this project: - 

using the matrix cov2 from the previous section. MATLAB® will return 

eigenvectors in matrix v (18 x 18 in this case) and eigenvalues in diagonal 

matrix d (18 x 18). Therefore to extract the eigenvalues in a single matrix 
another command should be used, 
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d-diag(d); 

This step is to prepare for the next step, which choosing the dimensionality of 

the new data. For the same reason, it is also convenient to sort eigenvectors 

and eigenvalues in decreasing order. This can be done by additional 

commands (Shlens, 2005): - 
[t'unkrindicesJ=sort(-I *d); 
v=v(, rindices); 
d=d(rindices); 

" Dimensionality Reduction and Feature Vector formation 

The theory when determining how many dimensions to be considered in the 

new data sets is that the higher the value of an eigenvalue is, the more 

significant its corresponding eigenvector affects the data pattern. It is also 

safe to say, the eigenvector with the highest eigenvalue is the principle 

component of the data. 

Therefore, there several techniques developed to find the intrinsic 

dimensionality of a big data rooting from this theory. The simplest that is also 

used in this project is based on the cumulative summation percentage of the 

eigenvalues. The number of dimensions is determined by putting a limit, say 
95% of the eigenvalues retention. For this project, the selection is as shown 
in the following: - 
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Table 3.2: Cumulative Summation Percentage of Eigenvalues 

eigenvalues percent CuSum 
1136.741908 44.60917 44.60917 
498.6744496 19.56949 64.17866 
371.8041841 14.59071 78.76937 
189.8605245 7.450698 86.22007 
146.9165804 5.765449 91.98552 

111.7803403 4.386597 96.37212 
37.59925565 1.475508 97.84762 
27.95051475 1.096862 98.94449 

16.34684476 0.641499 99.58599 
3.776925701 0.148218 99.7342 
3.492174091 0.137043 99.87125 
1.296103859 0.050863 99.92211- 
0.719635776 0.028241 99.95035 
0.650598522 0.025531 99.97588 
0.384890954 0.015104 99.99099 

0.207069949 0.008126 99.99911 
0.022481415 0.000882 99.99999 
0.000138333 5.43E-06 100 

This can also be translated into the following figures: - 
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Figure 3.2: Cumulative Summation Percentage of Eigenvalues 
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Figure 3.3: Scree Plot of Eigenvalues 

Since the limit is 95%, only 5 dimensions considered for the new data as shown by 

the non-red eigenvalues in Table 1. Having known this the next step is to form a 
feature vector. This is done simply by eliminating the unwanted eigenvectors from 

the matrix of eigenvectors. In MATLAB® this is done by using the simple command 

of 
fv=v(., 1: 5); 

in which fv is the feature vector with only first 5 eigenvectors column accounted for. 

v is the 18 x 18 eigenvectors matrix derived from the previous step. 

: New Data Set derivation 

The final step - the easiest requires both feature vector and adjusted data to be 

transposed. This is done using the simple commands of 
rfv nspose(fv); 

rmad=uanspose(mad); 

in which rfv and rmad are the transpose matrix offv and mad respectively. New data 

can be simply generated by rfv to be multiplied with rmad following the equation 
Final Data = Row Feature Vector x Row Data Adjust, or in MATLAB® 

final =rf *rmad, 

This can be also used to verify the size of the new data 

(5x1390)=(5x 18)x(18 x1390) (3.4.1) 
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The new data is in fact the smaller dimensional data that possess the pattern of the 

original 18 dimensional data. 

3.5 Prediction using Multiple Linear Regression (MLR) on New Data 
This step the exact procedure shown in the section 3.3 except that the data used now 
is the data derived from PCA. 

Therefore the MATLAB® commands used greatly resembles that shown in 

Appendix A. The MATLAB® commands used is shown in Appendix B. 

3.6 Prediction using Artificial Neural Networks (ANNs) 

In establishing an Artificial Neural Networks (ANN), several decisions must be 

made. The decision layer is presented in Figure 3.4. 

In this step, the first decision needed to be made on the type of architectures that 

were going to be implemented in the prediction. In this project, the architectures 

used were chosen based on the type of architectures they represent. For example, 

Feedforward network (called newff in MATLAB®) was chosen since it is the 

simplest network in ANN (Bhattacharjee et. al., 2009). Other types of ANNs used 

were Elman (neweim) (resembles both Feedforward Network and a recurrent 

network (Bhattacharjee et. al., 2009)), cascade-feedforward network (newcf) and two 

Radial-basis networks namely exact radial-basis network (newrbe) and radial-basis 

network (newrb). 

The next decision to be made is the parameters required by each type of the networks 

that are going to be used. For newff, newelm and newcf, the parameters to be decided 

are the number of hidden layer, the number of hidden neurons and the type of 

transfer function. 

For the number of hidden layer, the starting base is one since most problems only 

require one hidden layer as quoted from Feng et. al. (2006). For comparison purpose, 

the performance of the network using two and three hidden layer will also be 

evaluated. This is to confirm the statement made by Feng et. al. (2006) that it is 

unlikely that any practical problem will require more than two hidden layer. 
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Figure 3.4: Decision layer in establishing ANN in this project 

As for the number of hidden neurons, quoting Feng et. al (2006), the choice of 
hidden neuron size is problem-dependent. In this project the number of hidden 

neurons was decided by using heuristics method and a novel approach developed by 

Xu and Chen (2008). The performance ANNs of both methods will be discussed in 

the next chapter. 
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The heuristics taken into the consideration while deciding the number of hidden 

layer were: - 
1. The size of hidden layer to be somewhere between the input layer size and 

the output layer size (Xu and Chen, 2008, Feng et. al., 2006) 

2. The size of hidden layer should not be more than twice as large as the input 

layer (Feng et. al., 2006) 

Another method used to determine the number of hidden layer is the novel approach 
introduced by Xu and Chen (2008) that is specifically designed for newfby using 
the equation: - 

Nl 1/y 11-Cý 
dlogNl) (3.6.1) 

Where 

n= number of neurons in hidden layer 

N= number of training pairs 
d= dimension of input 

C= constant for the first absolute moment of the Fourier magnitude distribution of 

the target function 

(* A thorough mathematical background is covered in the research paper by Xu and 
Chen (2008)) 

When N/d is greater than 30, the optimal n is close to the value of (N/(dlogN))1n (Xu 

and Chen, 2008). Therefore for this case where N =1112 for training data and d=5, 

the respective N/d is 222.4 and thus the optimal n is calculated equals to 8.5. Since 

hidden neurons number should be discrete, the accepted neurons number is both 8 

and 9. The choice between the two was based on neural network of which, performs 

better. This is discussed in the next chapter. 

Another decision to be made is the type of transfer function algorithm to be used in 

the hidden layer. In this project, the performance of lansig, logsig and pureline will 
be compared to each using the same network to conclude which is the best for a 

particular type of network. 
For Radial-Basis networks, the establishment is much easier. The only decision to be 

made is the SPREAD value. Therefore, for newrbe and newrb the comparative study 

was done only on the variation of SPREAD value. 
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For evaluation performance, several parameters were used as the reference to 

measure the effectiveness of prediction and this will be covered in the next chapter. 
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CHAPTER 4 

RESULTS AND DISCUSSION 

In this chapter, the results that derived from the project works were presented. 

Discussions about the results will usually follow the presented results, except some 

results where collective discussion was needed, especially in the comparative 

studies. This chapter consists of results and discussion of multiple linear regression 
(MLR) using original data, MLR using new data and the selected ANNs (newff 

, newelm, newcf, newrbe and newrb). Apart from that, comparative studies are also 

presented, consisting of comparison between MLR results, comparison between 

ANNs and comparison between MLR and ANN. Towards the end of the chapter, the 

best type of ANN for this project is suggested. 

4.1 Multiple Linear Regression using Original data 

As the most basic predictor statistics can offer, the performance of MLR using 
Original data (18 inputs and 1 output) did not go near to acceptable. The 

performance can be evaluated in the following figure. 
Predicted vs Actual. y=(0 68173) x+ (30 3562) R squared=0 043777 

o Data Points 
Best Linear Fit 

------- A=T 

94 96 98 
Actual C3 Composition 

Figure 4.1: Graph of predicted C3 composition vs. actual C3 composition for 

prediction using MLR (original data) 
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From Figure 4.1, it is shown that the points are scattered and only some portions of 
them really lie on the A=T line. A=T line represents that a predicted value that lies 

on it matches its respective actual value. Furthermore, the R2 value of the best fit is 

only 0.043777. This shows that there is a weak relationship between predicted and 
actual values, indicating that the prediction is not effective. 
The low R2 value is possibly because the number of inputs is huge, which is 18 in 

this case. Another possible cause is the assumption of linearity (StatSoft, 2008). In 

real case, the relationships of predictors with observation are not necessarily linear 

since the case is derived from the complex nature of a distillation column (de Canete 

et. al, 2008). It is therefore safe to say that MLR is not a suitable prediction model to 
be used in this project. 

4.2 Multiple Linear Regression using New data 

The performance of MLR using new data (5 inputs and 1 output) was better 

compared to that of which original data was used, but again did not show any major 
improvement in R2 except in better points clustering. This can be showed in the 
following figure. 

Predicted vs_ Actual, y=(0.1347) xi (85.5415) R 3quared=0.0643'6 
101 

94 96 98 
Actual C3 Composition 

100 

Data Points 
Best Linear it 
A=T 

Figure 4.2: Graph of predicted C3 composition vs. actual C3 composition for 

prediction using MLR (new data) 



From Figure 4.2, there is an improvement shown in the points clustering. There are 
more points clustered in the A=T line, indicating that the prediction is getting better. 
The R2 value (0.064316) however, does not change very much from that of the 

previous MLR prediction (0.043777). These prove two things about this test: - 
1. PCA dimensionally reduced data performs better as the training set for 

prediction even though having fewer dimensions. This even works for the 

most basic predictors like MLR. It is therefore assumed that the PCA 

dimensionally reduced data will also performs better in ANNs prediction 

compared to original data. 

2. MLR is not the suitable predictor for this case. Even though with less 
dimension data, the performance did not go any better in term of R2 value, 
thus the reasoning that MLR did not perform satisfactorily in the first test due 

to huge data dimension cannot be confirmed in this project. 
With these findings, it is then appropriate to proceed with ANN predictions. 

4.3 Artificial Neural Network (ANN) 

For ANN, there are five types architectures employed in this project, namely 
Feedforward Neural Network (news), Elman (newelm), Cascade-forward (newcf), 

and two types of Radial-basis networks (newrbe and newrb). The result and 
discussion will first be presented individually before a comparative study is done to 

conclude on the best type of ANN for this project. 

4.3.1 Feedforward Neural Network (newt) 
In this project, several runs on newff were done based on the number of 

hidden neurons, the number of hidden layer and the type of transfer function 

used (logsig, tansig or purelin). The main performance criteria are R2 value 

of correlation between actual and prediction for both training and testing sets, 

training MSE and RMSE of both training and testing sets prediction. Other 

presented performance criteria (but not given much emphasis on) is CDC, 

MAPE, AIC (Akaike Information Criterion) and BIC (Bayesian Information 

Criterion). AIC and BIC are useful in choosing the the suitable model for the 

case but in the case of prediction, further studies on Model Averaging is 

required and is not covered in this paper. However, the rule of thumb is to 
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choose the model with the lowest AIC and BIC (Burnham, 2004). MAPE is 
just another variation of error calculation comparable to RMSE and MSE. 
The target used for this network is MSE=0.01 with maximum number of 
epochs = 1000. The number of nodes used was discussed in the previous 
chapter. The summary of the results are shown in Table 4.1, Table 4.2 and 
Table 4.3. 

In the Table 4.1, the comparison on the performance of newff is studied based 

on the number of hidden neurons. In this study, the type of transfer function 

used is logsig and the number of hidden layer is 1. The example of 

commands used in this study is shown in Appendix C. The number of hidden 

layer was chosen from 1 to 10 to comply with the heuristics outline in the 

previous chapter (Xu and Chen, 2008, Feng et. al., 2006). Do take note that 

the attention (shaded in grey) was given on the performance of neural 

network of which number of hidden layer 8 and 9 since these are the number 

of hidden layer suggested from the novel approach derived by Xu and Chen 

(2008). The test on n= 11 was done only to confirm the validity of second 

heuristic (Feng et. al., 2006) in this project. 

From Table 4.1, it is shown that the best performance can be found when the 

number of hidden neurons is 8 just like suggested by the Xu and Chen 

equation (2008). Even though the lowest MSE can be achieved at n=9, the 

performance of testing set was not as great as training set. This indicates a 

common occurrence in neural network - over-fitting. This is a condition in 

which the ANN learns the training data too well, making it specializes to the 
data input and has not learnt to generalize to new situations. It is also shown 
the second heuristic (Feng et. al., 2006) applies since the performance of 

newff deteriorates in term of RMSE of both training and testing set 

prediction. It is then concluded that the best performance of newff for 1 
hidden layer with logsig function can be achieved at n=8 with performance 
like shown in Table 4.1. 
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Table 4.1: Comparative study of performance criteria for newff based on different number of hidden neurons 
No. of Hidden R-squared 

MSE 
Epochs RM SE CDC MAPE AIC BIC 

Neurons Training Testing no. Training Testing Training Testing Training Testing Training Testing Training Testing 
1 0.089053 0.051955 0.0527084 11 0.6906 0.6876 54.1854 61.7329 3.71E-04 0.0887 -753.3708 -636.1635 -733.3151 -621.653 
2 0.000115 0.002452 0.0527472 7 0.7327 0.7276 42.3042 49.0975 -0.1022 0.1881 -3.65E+03 -1.02E+03 -3.63E+03 -1.01E+03 
3 0.018075 0.001151 0.0506333 7 5.0976 5.3932 45.9946 56.3177 3.6668 4.1348 5.42E+03 1.41E+03 5.44E+03 1.42E+03 
4 0.13705 0.063825 0.0446749 10 0.6743 0.679 53.8254 60.2888 0.022 0.0472 -535.4803 -367.9667 -515.4247 -353.456 
5 0.003271 3.12E-05 0.0551676 9 0.7593 0.7308 46.8047 53.0686 -0.1861 0.0552 -702.1108 -121.0502 -682.0551 -106.54 
6 0.041956 0.05638 0.0491419 13 0.7135 0.6827 55.2655 58.1227 0.0402 0.0038 -534.0074 -116.5715 -513.9518 -102.061 
7 0.093694 0.10846 0.0486114 9 0.6913 0.6679 57.2457 58.4838 -0.0341 -0.0439 -111.3411 43.4086 -91.2854 57.9191 
8 0.13969 0.10641 0.0485871 15 0.6711 0.7137 53.0153 59.5668 -0.0036 -0.2339 -471.3085 32.437 -451.2528 46.9475 
9 0.24312 0.001962 0.0420396 17 0.6307 1.0727 54.7255 54.1516 0.0073 -0.04593 143.7198 528.2448 163.7755 542.7553 
10 0.036041 0.018604 0.043235 11 0.7156 0.7146 45.4545 56.3177 -0.0025 -0.0101 -426.8406 -19.9663 -406.785 -5.4559 
11 0.010182 0.039371 0.0458327 8 1.3248 1.8289 51.6652 45.8484 0.3041 1.2275 2.67E+03 751.4287 2.69E+03 765.9392 

Table 4.2: Comparative study of performance criteria for newff based on different type of transfer function algorithms 
Type of Transfer R-squared 

MSE Epochs RMSE CDC MAPE AIC BIC 
Function Training Testing no. Training Testing Training Testing Training Testing Training Testing Training Testing 

logsig 0.13969 0.10641 0.0485871 15 0.6711 0.7137 53.0153 59.5668 -3.60E-03 -0.2339 -471.3085 32.437 -451.2528 46.9475 
tansig 0.04463 0.013184 0.0442353 7 0.8279 0.7286 49.955 55.5957 -0.3679 -0.1911 -5.26E+02 -1.88E+02 -5.06E+02 1.74E+02 
purelin 0.084972 0.064316 0.0535491 5 0.6919 0.7271 54.9055 62.4549 2.81E-07 -0.1827 -8.10E+02 1.52E+02 -7.90E+02 166.7733 

Table 4.3: Comparative study of performance criteria for newff based on different number of hidden layer 

f Hidd N L 
R-squared 

MSE 
Epochs RMSE CDC MAPE AIC BIC 

oo en ayer Training Testing no. Training Testing Training Testing Training Testing Training Testing Training Testing 
1 0.13969 0.10641 0.0485871 15 0.6711 0.7137 53.0153 59.5668 -3.60E-03 -0.2339 -471.3085 32.437 -451.2528 46.9475 
2 0.038244 0.02388 0.444058 11 0.7609 0.7432 52.6553 54.8736 -0.0246 -0.0983 -1.06E+02 1.63E+02 -8.58E+01 1.78E+02 
3 0.044405 4.24E-06 0.0463994 9 0.7935 0.7081 47.2547 46.2094 -3.61E-01 -0.1034 -3.00E+03 1.29E+03 -2.98E+03 -1.28E+03 



In the next comparative study, different transfer function algorithms were tested on newff 

with 1 hidden layer having 8 hidden neurons. It is shown from Table 4.2 that logsig 

transfer function is the most suitable for this project. 
The next test was to compare the performance of newff using logsig transfer function by 

manipulating the number of hidden layer. All hidden layers would have 8 hidden 

neurons. From Table 4.3, it is concluded that the optimum number of hidden layer for 

newff in this project is one and the statement by Feng et. al. (2006) can be confirmed 

applies to this project following the poor performance shown by newff with three hidden 

layer. 

Through these comparative studies, it was found that the optimum newff for this project is 

when n=8 with single hidden layer using logsig as the transfer function. The optimum R2 

are then 0.13969 and 0.10641 for training and testing data prediction respectively with 

MSE = 0.0486. The following figures represent the performance of this network. 
Actual and Simulated plot for C3 Composition : Training 
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Figure 4.3: Training data prediction using newff with 8 hidden neurons in a single hidden 

layer using logsig transfer function 
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Actual and Simulated plot for C3 Composition : Testing 
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Figure 4.4: Testing data prediction using newff with 8 hidden neurons in a single hidden 

layer using logsig transfer function 

Simulated vs. Actual, y=(0.13231) x+ (86.206) R squared=0.13969 
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Figure 4.5: Graph of predicted C3 composition vs. actual C3 composition for prediction 

using newfwith 8 hidden neurons in a single hidden layer using logsig transfer function 

(training) 
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Simulated vs. Actual, y=(O. 16923) x+ (82.07) R squared=0.10641 
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Figure 4.6: Graph of predicted C3 composition vs. actual C3 composition for prediction 

using newff with 8 hidden neurons in a single hidden layer using logsig transfer function 

(testing) 

j. 3.2 Elman Neural Network (newelm) 

For Elman Neural network (newelm), the evaluation was done exactly like newf. The 

parameters used in setting up newff were retained for newelm and the selection on the 

number of hidden neurons to be tested was on the same basis. The focus on n=8 and 9 in 

this case however was aimed to test whether the equation by Xu and Chen (2008) applies 
in newelm case. The example of commands used is shown in Appendix D. The summary 

of the results are shown in Table 4.4, Table 4.5 and Table 4.6. 
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. Table 4.4: Comparative study of performance criteria for newelm based on different number of hidden neurons 
No. of Hidden R-squared Epochs RMSE CDC MAPE AIC BIC 

Neurons Training Testing 
MSE 

no. Training Testing Training Testing Training Testing Training Testing Training Testing 
1 0.084949 0.047595 0.0527078 12 0.6924 0.6856 52.1152 60.6498 -2.30E-02 0.0539 -827.5464 -691.4852 -807.4907 -676.9747 
2 0.089459 0.013284 0.0500059 11 0.6988 0.6974 53.7354 50.1805 -0.0487 0.0076 -1.89E+03 -5.69E+02 -1.87E+03 -5.55E+02 
3 0.089795 0.049667 0.0506231 13 0.6903 0.6851 54.1854 61.3718 -0.0132 0.0604 -4.79E+02 -5.37E+02 -4.59E+02 -5.22E+02 
4 0.024524 0.10279 0.0475854 7 1.0575 0.7707 53.2853 57.0397 -0.6813 -0.3883 1.24E+03 95.2312 1.26E+03 109.7417 
5 0.10893 0.070228 0.0462459 11 0.6829 0.6793 54.9955 55.2347 -0.0011 0.0607 -403.1486 -73.4393 -383.093 -58.9289 
6 0.067822 0.059227 0.044448 8 0.7138 1.0158 53.6454 57.0397 -0.0184 -0.6693 368.3509 338.0944 388.4065 352.6049 
7 0.11084 0.020434 0.0448488 8 0.6975 0.9943 52.2052 50.1805 -0.1467 -0.5821 -616.1663 362.3908 -596.1107 376.9013 
8 0.041844 0.054539 0.0444443 9 0.7572 0.7167 43.2043 51.9856 -0.1441 -0.0212 408.7819 240.2283 428.8376 254.7388 
9 0.045856 0.089392 0.05051 14 0.7086 0.6795 51.3051 54.5126 -0.0368 0.1225 -758.2107 -28.2876 -738.155 -13.7771 
10 0.13962 0.021471 0.0434035 8 0.6728 1.6748 55.1755 54.5126 -0.0504 -1.0481 -113.0994 846.5223 -93.0437 861.0328 
11 0.20098 0.048176 0.0421373 12 0.6466 0.6902 56.2556 53.7906 -0.0023 -0.0367 2.98E+02 -16.9276 3.18E+02 -2.4171 

Table 4.5: Comparative study of performance criteria for newelm based on different type of transfer function algorithms 
Type of Transfer R-squared Epochs RMSE CDC MAPS AIC BIC 

Function Training Testing 
MSE 

no. Training Testing Training Testing Training Testing Training Testing Training Testing 
logsig 0.094808 0.014846 0.0471791 7 0.9906 0.7806 42.2142 37.9061 -5.85E-01 -0.2604 -1.68E+03 -603.0155 -1.66E+03 -588.505 
tansig 0.10893 7.02E-02 0.0462459 11 0.6829 0.6793 54.9955 55.2347 -0.0011 0.0607 -403.1486 -73.4393 -383.093 -58.9289 
purelin 0.084972 0.064319 0.0535491 5 0.6919 0.7271 54.9055 62.4549 1.57E-06 -0.1826 -8.10E+02 1.52E+02 -7.90E+02 166.7616 

Table 4.6: Comparative study of performance criteria for newelm based on different number of hidden layer 
R-squared Epochs RMSE CDC MAPE AIC BIC 

No of Hidden Layer 
Training Testing 

MSE 
no. Training Testing Training Testing Training Testing Training Testing Training Testing 

1 0.10893 0.070228 0.0462459 11 0.6829 0.6793 54.9955 55.2347 -0.0011 0.0607 -403.1486 -73.4393 -383.093 -58.9289 
2 0.132925 0.057008 0.0418857 10 0.6831 0.7057 50.9451 54.8736 -0.1007 -0.1637 282.7936 -90.8043 302.8493 -76.2938 
3 0.13496 0.068183 0.0497866 9 0.673 0.6811 55.8056 57.4007 -0.0073 -0.036 -263.8911 -13.1503 -243.8354 1.3602 



From Table 4.4, it can be observed that the performance of of newelm was not 
satisfactory at any number of hidden neurons tested. The best performance for both 

training and testing set can be said to be at n=5, in which the training and testing data 

performances were in balance. The performances of newelm at both n=8 and n=9 were 

not significantly better than other n tested thus concluding that the equation proposed by 

Xu and Chen (2008) in fording n did not apply to the case of newelm. It is also observable 
that the performance of newelm at n=1I was better than some other n hence dismissing 

the application of both heuristics applied in determining the number of hidden neuron, n 
(Xu and Chen, 2008, Feng et. al., 2006). It was also notable when random value of n of 

more than 11 tested in the network, the performance fluctuated and did not show any 

significant changes from the results acquired from the previous test, thus no clear 

conclusion can be made on the optimum value of n. 
For the next comparative study, the newelm is set with n=5 with single hidden layer with 

manipulation in transfer function algorithms. It is shown in Table 4.5 that the default 

transfer function tansig would give the optimum performance for newelm. 
In the next test, the manipulated variable was the number of hidden layer. Number of 
hidden neurons, n was kept constant at 5 with tansig was used as the transfer function. 

It is concluded from Table 4.6, that the increment in number of hidden layer did not 
improve the performance of newelm in this case. 
Through these comparative studies, it was found that the optimum newelm for this project 
is when n=5 with single hidden layer using tansig as the transfer function. The optimum 
R2 are then 0.10893 and 0.070228 for training and testing data prediction respectively 

with MSE = 0.0462459. The following figures represent the performance of this network. 
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Actual and Simulated plot for C3 Composition : Training 
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Figure 4.7: Training data prediction using newelm with 5 hidden neurons in a single 
hidden layer using tansig transfer function 

Actual and Simulated plot for C3 Composition : Testing 
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Figure 4.8: Testing data prediction using newelm with 5 hidden neurons in a single 
hidden layer using tansig transfer function 
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Simulated vs. Actual, y=(0.10385) x+ (89.036) R squared=0.10893 
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Figure 4.9: Graph of predicted C3 composition vs. actual C3 composition for prediction using 

newelm with 5 hidden neurons in a single hidden layer using tansig transfer function (training) 
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Figure 4.10: Graph of predicted C3 composition vs. actual C3 composition for prediction using 

newelm with 5 hidden neurons in a single hidden layer using tansig transfer function (testing) 
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. 
y. 3.3 Cascade-forward Neural Network (newcf) 

Evaluation for newcf was done exactly following that of newelm. The summary of results 

can be found in Table 4.7, Table 4.8 and Table 4.9. 

From Table 4.7, it can be concluded that newcf did not perform satisfactorily regardless 

of any values of hidden neurons tested. It was also hard to determine at what value of n 

newcf performed at optimum level since there were always clashes between the 

performance of training set and testing set prediction. However, by giving more emphasis 

on the testing set prediction, one can say optimum performance can be found at n=6. It 

was also proven that the equation by Xu and Chen. (2008) did not apply for newcf and 

since performance of newcf at n=11 was better than some of that with other n tested, 

heuristics (Xu and Chen, 2008, Feng et. al., 2006) employed in the selection of n were 

not applicable in the case of newcf. 

For the next test in which the transfer function algorithms were individually tested 

against a newcf of n=6 and signle hidden layer, it is concluded from Table 4.8, the default 

tansig would give the best performance as compared to logsig and purelin. 

In Table 4.9, it is shown that, an increment in the number of hidden layer used in this 

project does not increase the performance of prediction, even though the otherwise 

cannot also be said due to fluctuation of R2 as the number of hidden layer increases. 

Through these comparative studies, it was found that the optimum newcf for this project 

is when n=6 with single hidden layer using tansig as the transfer function. The optimum 

R2 are then 0.10926 and 0.092294 for training and testing data prediction respectively 

with MSE = 0.049898. The performance of the network is shown in Figure 4.11, Figure 

4.12, Figure 4.13 and Figure 4.14. 

The example of MATLAB® commands used is shown in Appendix E. 
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. Table 4.7: Comparative study of performance criteria for newcf based on different number of hidden neurons 
No. of R-squared 

MSE 
Epochs RM SE CDC MAPS AIC B IC 

Hidden Training Testing no. Training Testing Training Testing Training Testing Training Testing Training Testing 
1 0.074789 0.081313 0.050583 8 0.6988 0.6794 54.0954 63.1769 0.0456 0.0119 -414.418 64.2932 -394.363 78.8037 
2 0.20917 0.060347 0.046216 68 0.6434 0.7821 55.8956 62.4549 0.0157 -0.2985 -105.118 230.8449 -85.0624 245.3553 
3 0.0299 0.059363 0.047343 8 1.2004 1.4045 51.6652 54.1516 -0.8972 -1.1919 872.9879 406.3459 893.0435 420.8564 
4 0.1378 0.015818 0.048884 15 0.6717 0.7233 55.1755 53.0686 0.0063 -0.0645 -121.91 -38.3374 -101.854 -23.8269 
5 0.12884 0.060783 0.044582 11 0.6772 0.8173 55.9856 60.6498 -0.0317 -0.3392 -84.7389 -0.3392 -64.6832 335.2734 

6 0.10926 0.092294 0.049898 14 0.6882 0.6777 53.8254 59.2058 -0.0864 -0.1211 -489.277 -236.702 -469.221 -222.192 
7 0.16043 0.071821 0.043094 13 0.6701 0.6844 57.6958 60.2888 -0,0565 0.0712 472.1929 32.5216 492.2485 47.0321 
8 0.19271 0.021343 0.043819 13 0.6534 0.7273 56.7057 54.1516 -0.0684 -0.1042 246.6062 53.5417 266.6619 68.0522 
9 0.11711 0.046854 0.045236 9 0.6915 0.7624 56.7957 52.7076 -0.1102 -0.2604 38.2634 161.8757 58.319 176.3862 
10 0.058553 0.033157 0.043241 8 0.9656 1.3767 50.225 53.0686 -0.4011 -0.6654 1.89E+03 814.3524 1.91E+03 828.8628 

11 0.034821 0.061779 0.041674 8 0.8572 1.0239 48.9649 53.4296 0.1685 -0.3843 1.33E+03 627.7964 1.35E+03 642.3069 

Table 4.8: Comparative study of performance criteria for newcf based on different type of transfer function algorithms 

T fT f F i 
R-squared 

MSE 
Epochs RMSE CDC MAPE AIC BIC 

ype o rans er unct on Training Testing no. Training Testing Training Testing Training Testin Training Testing Training Testing 

logsig 0.10833 0.082178 0.045603 10 0.7633 0.7607 57.4257 60.6498 0.2499 -0.1273 1.20E+03 251.8415 1.22E+03 266.352 
tansig 0.10926 0.092294 0.049898 14 0.6882 0.6777 53.8254 59.2058 -0.0864 -0.1211 -489.277 -236.702 -469.221 -222.192 
purelin 0.016093 0.013667 0.053549 4 0.7381 0.713 47.0747 55.5957 -0.0754 -0.0819 -376.559 -136.869 -356.504 -122.358 

Table 4.9: Comparative study of performance criteria for newcf based on different number of hidden layer 

f dd 
R-squared 

MSE 
Epochs RMSE CDC MAPE AIC BIC 

No o Hi en Layer Training Testing no. Training Testing Training Testing Training Testing Training Testing Training Testing 
1 0.10926 0.092294 0.049898 14 0.6882 0.6777 53.8254 59.2058 -0.0864 -0.1211 -489.277 -236.702 -469.221 -222.192 
2 1.86E-09 0.021193 0.045882 9 1.155 0.9273 43.1143 52.7076 0.7385 0.4963 1.28E+03 324.7699 1.30E+03 339.2804 
3 0.005602 0.007912 0.041106 8 0.8632 0.8578 46.0846 49.4585 -0.0333 -0.086 1.01E+03 425.1853 1.03E+03 439.6957 
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Figure 4.11: Training data prediction using newcf with 6 hidden neurons in a 

single hidden layer using tansig transfer function 

Actual and Simulated plot for C3 Composition : Testing 
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Figure 4.12: Testing data prediction using newcf with 6 hidden neurons in a single 

hidden layer using tansig transfer function 
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Simulated vs. Actual, y=(0.10277) x+ (89.0585) R squared=0.10926 
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Figure 4.13: Graph of predicted C3 composition vs. actual C3 composition for prediction 

using newcf with 5 hidden neurons in a single hidden layer using tansig transfer function 

(training) 
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Figure 4.14: Graph of predicted C3 composition vs. actual C3 composition for prediction 

using newcf with 5 hidden neurons in a single hidden layer using tansig transfer function 

(testing) 
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4.3.4 Radial-Basis Networks (newrbe and newrb) 
For Radial-Basis networks, the architectures chosen are newrbe and newrb. The 

performances of radial-basis network were satisfactory as shown in Table 4.10. 

Table 4.10: The performance of newrbe by variation of SPREAD values 
R-squared RMSE CDC MAPE AIC BIC 

Spread 
Training Testing Training Testing Training Testing Training Testing Training Testing Training Testing 

0.01 1 1 4.26E-16 1.21E-15 95.8596 100 1.28E-17 -1.03E-16 2.13E+03 569.8781 2.15E+03 584.3886 
0.1 1 1 1.26E-14 8.52E-16 95.8596 100 -1.45E-15 -5.16E-17 2.13E+03 569.8781 2.15E+03 584.3886 
0.2 1 1 4.74E-13 5.12E-14 95.8596 100 2.29E-13 2.52E-14 2.13E+03 569.8781 2.15E+03 584.3886 
0.5 1 1 9.86E-08 7.62E-10 95.8596 100 6.99E-08 2.19E-10 2.13E+03 569.8781 2.15E+03 584.3886 
0.6 1 1 1.24E-06 3.77E-09 95.8596 100 -4.50E-07 1.30E-09 2.13E+03 569.8781 2.15E+03 584.3886 
0.7 0.99982 1 0.0096 3.75E-08 95.1395 100 1.20E-05 3.20E-08 2.13E+03 569.8781 2.15E+03 584.3886 
0.8 0.99736 1 0.0372 1.53E-07 91.6292 100 1.75E-06 1.15E-07 2.13E+03 569.8781 2.15E+03 584.3886 
0.9 0.98589 1 0.0859 6.36E-07 85.6886 100 -1.91E-04 -4.24E-07 2.11E+03 569.8781 2.13E+03 584.3886 
1 0.96807 1 0.1293 1.03E-07 81.4581 100 -7.32E-06 2.83E-06 2.08E+03 569.8779 2.10E+03 584.3883 

It can be clearly seen in Table 4.10 that at any SPREAD values tested the value of 

R2 would be I or very close to. This indicates that there were a strong relationship 
between prediction and actual values in all tries. The accuracy of these tries 

however, was varied as seen in the values of RMSE. It can be seen that as the 

SPREAD value increases, the performance deteriorates with respect to RMSE. It 

is then intuitive to choose the network with low SPREAD value. 
However, this can be misleading. According to Lu (2008), the larger a SPREAD, 

the smoother the approximation while a smaller SPREAD is used to fit data more 

closely. At extreme extent, too large SPREAD would result in poor generalization 

(this explains why bigger SPREAD values would usually have bigger RMSE) 

while too small SPREAD would result in over fitting. This is demonstrated in 

MATLAB in demorb3 and demorb4 (Beale and Demuth, 2002) 

Therefore, in choosing the most optimum SPREAD for newrbe, both R2 and 

RMSE were taken into account. It is concluded that the optimum SPREAD for the 

network is 0.6 due to R2 values of 1 and low RMSE in both training and testing 

data prediction. The performance is demonstrated in Figure 4.15, Figure 4.16, 

Figure 4.17 and Figure 4.18. 

The next test was to compare the performance of newrb and newrbe. The test was 
done using SPREAD of 0.1. The result is shown in Table 4.11. 
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Figure 4.15: Training data prediction using newrbe with SPREAD = 0.6 
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Figure 4.17: Graph of predicted C3 composition vs. actual C3 composition for prediction 

using newrbe with SPREAD = 0.6 (training) 

Simulated w Actual, y=(1) x+ (-5.7348e-008) R squared=1 
ý --- --- -- 100 

QQ 

98 

H=1 

97 

96 

95 

94 

Data Points 
R=1 I' Ii Best Linear Fit 

93 L- --------,.. ----- 92 94 96 98 
Actual C3 Composition : Testing 

100 

Figure 4.18: Graph of predicted C3 composition vs. actual C3 composition for prediction 

using newrbe with SPREAD = 0.6 (testing) 
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Table 4.11: The performance of newrbe and newrb with SPREAD = 0.1 

T 
R-squared RMSE CDC MAPS AIC BIC 

ype 
Training Testing Training Testing Training Testing Training Testing Training Testing Training Testing 

newrb 0.99991 0.99939 6.70E-03 1.73E-02 94.5995 98.1949 7.00E-09 2.97E-08 2.13E+03 569.9001 2.15E+03 584.4106 
newrbe 1 1 1.26E-14 8.52E-16 95.8596 100 -1.45E-15 -5.16E-17 2.13E+03 569.8781 2.15E+03 584.3886 

From Table 4.11, it can be seen that the performance of newrbe is better than 

newrb in terms of R2 and RMSE. This is because in the case of newrbe, the 

creation of hidden radbas neurons is based on the number of input vectors while 
for newrb, they are created one at a time and this will continue until the MSE 

during training achieves the goal (in this case 0.01). It is then possible for newrb 
to demonstrate the performance as good as newrbe if the goal is very low, but it 

will require more processing time due to larger training set data. 

Therefore, through this study, it was found that radial-basis network performs best 

by using newrbe with SPREAD = 0.6. The reported R2 is 1 for both data sets with 
RMSEs equal to 1.24 x 10-6 and 3.77 x 10"9. 

The example of MATLAB® commands used is shown in Appendix F. 

As a summary, the optimum performance of the aforementioned networks is presented in 

Table 4.12. 

Table 4.12: Summary of performance of ANNs 
No of IGdden neurons R-squared 

MSE SSE 
Epochs RM SE CDC MAPS AI C BIC 

Type of network 
or SPREAD Training Testing 

/ 
no. Tramng Testing Training Testing Training Testig Training Testing Training Testing 

newff 8 0.13969 0.10641 0.04859 15 0.6711 0.7137 53.0153 595668 -0.0036 -0.2339 471.309 32.437 -451253 469475 

news m 5 0.10893 0.07023 0.04625 11 0.6829 0.6793 54.9955 552347 -0.0011 0.0607 -403.149 -73.4393 "383.093 -589289 
nerd 6 0.10926 0.09229 0.0499 14 0.6882 0.6711 53.8234 592058 -0.0864 -0.1211 -489277 -236.702 -469221 -222.192 

newrbe 0.6 1 1 - 124E-06 3.77E-09 95.8596 100 4.50E-01 1.30E-09 2.13E+03 569.878 2.15E+03 584.389 

newrb 0.6 0.99985 0.99972 0.09642 1100 0.0088 0.0118 92.8893 99178 196E-06 -8.85E-10 2.13E+03 569.612 2.15E+03 584.183 
'SSE for newrb only 

From Table 4.12, it is concluded that for this project, the best network is radial-basis 

network (more specifically newrbe) that can simulate the composition of C3 in the 
depropanizer column with the highest accuracy. 
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4.4 Comparative study: ANN vs. MLR 

From the previous sections, it is shown that ANN is definitely the better predictor 

compared to MLR in this project. This can be justified by the R2 value of newrbe that 

equals to 1 compared to 0.064316 of MLR. 
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CHAPTER 5 

CONCLUSIONS AND RECOMMENDATIONS 

5.1 Conclusions 

The objective of this project was to implement ANNs in the prediction of C3 in the 
depropanizer column in PGB. To accomplish this, several types of ANNs were 

considered in the study. It was found that Radial-basis network is the best ANN that 

can simulate the composition of C3 in the depropanizer column with the highest 

accuracy. With 20% of the total data (or testing set data) as the validation, Exact 

Radial Basis network demonstrated RZ of 1 for the correlation between target and 

simulation with RMSE as low as 3.77 x 10"9 in the testing set data prediction. 
Accordingly, it is concluded that ANN can be used in the prediction of C3 in the 

depropanizer column in PGB. 

5.2 Recommendations 

One of the recommendations for future project is to employ AIC and BIC in the 

model selection apart from R2, training MSE and RMSE that are being used in this 

project. This will require additional procedures such as Model Averaging that is not 

covered in this project. 

Another recommendation is to employ other type of cross-validation techniques apart 
from test-set technique used in this project. This may include leave-one-out cross 

validation (LOOCV) and k-fold cross validation. 
Some other types of ANNs like probabilistic neural network or generalized regression 
neural network can be tested in place of the currently used. 
For reducing the dimensionality of the raw data another method can be used apart 
from PCA is called Sensitivity Analysis that has found wide application in business 

and environmental (weather forecasting) problem. 
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Finally, for the currently tested networks, more study on the optimum number of 
hidden neurons and hidden layer can be done especially for newelm and newcf 
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APPENDICES 

APPENDIX A 
clc; 
clear 
close II; 

'11,1 i 
A=xlsread ('TiH 0'); %Tr80 being the xls file of training data 
B=xlsread ('Ye ); %Te being the xls file of testing data 

X=[ones(size(A, 1), 1) A(:, 2: 19)1; 
y=A(:, 1); 
[b, bint, r, rint, stats]=regress(y, X); 
stats 

xte=[ones(size(B, 1), 1) B(:, 2: 19)1; 
ypr=xte*b; 

liý i11 
a=transpose (ypr); 

yac= B(:, 1); 

c=transpose (yac); 
figure(1) 

[slope5, intercept5, R5]=postreg(a, c); 
ylabel('f'rcdi, td C3 Composition '), xlabel('Actual C3 (, omposit. i_on').... 

title([ ' ri, li; ted vs. Actual, num2str(slope5), ') :: 4 , num2str(intercept5), ') 
,., i ', num2str(R5*R5)]); 

APPENDIX B 
clc; 
clear 
close aII; 

I., I 

A=xlsread (' p, aTr80' ); 
B=xlsread (' 1w-<aTe80' ); 

..,... 
ý.... i ..: 

(`(JY 
.... 

I. Ii 

X=[ones(size(A, 1), 1) A(:, 2: 6)1; 

y=A(:, 1); 
[b, bint, r, rint, stats]=regress(y, X); 
stats 

j. ,, a 

xte=[ones(size(B, 1), 1) B(:, 2: 6)); 
ypr=xte*b; 

a=transpose (ypr); 
yac= B(:, 1); 
c=transpose (yac); 
figure(1) 
[slope5, intercept5, R5]=postreg(a, c); 
ylabel('I'r("<lict(l C3 it:, r, i: c : nq;, . -n'),.. 

title(( ' Prcýciic te, j ý-.,. . °,, tu,, l, num2str(slope5), ' ý', num2str(intercept5), 
K ý; yuý recl ', num2str (R5*R5) ]); 

APPENDIX C 

%This command is intended to be used with threefold cross validation, in the case of 
twofold or test-set CV, just set the Validation set equals to Testing set. 

X1 



clc; 
clear al 
close al 

A=xlsread 
B=xlsread 
C=xlsread ('n'); 

Itr=A(:, 2: 6)'; 
Iv=B(:, 2: 6)'; 
I te=C(:, 2: 6)'; 
X_tr=A(:, 1)'; 
Xv=B(:, 1)'" 
X te=C(:, 1)'; 

nntwarn oll; 

[itr, imin_tr, imax_tr)=premnmx(I tr); 
[x_tr, xmin_tr, xmax_tr)=premnmx(x_tr); 

[i v]=tramnmx(Iv, imintr, imaxtr); 

[x v]=tramnmx(X v, xmin tr, xmax tr); 

[i te]=tramnmx(I te, imin tr, imax tr); 
[x te]=tramnmx(X te, xmin tr, xmax tr); 

net-newff(minmax(i_tr), [5 8 1], {'purel 
pur ei n'}, 'Irainlm', 'Iearngdm', 'nieeI); 

net. trainParam. show=10; 
net. trainParam. epochs=1000; 
net. trainParam. goal=le-2; 
net. trainparam. MU=-0.001; 

JS 

rand( seed' 419877); 
net=init(net); 

...,.,: 
1 ý. ý. ý_., .. 

val. P=i V; 
va1. T=x v; 
test. P=i_te; 
test. T=x te; 

[net tr]= train(net, i tr, x tr, [], [], val, test); 

1c ý_ý,. ý1_., i, 

ni; r.. li', 

xl=sim(net, ite); 9', ý:; Cing set 
Xsiml=postmnmx(xl, xmin tr, xmax tr); 

x2=sim(net, i_v); Validation sot 
Xsim2=postmnmx(x2, xmin_tr, xmax_tr); 

x3=sim(net, i_tr) ;. ýcl: i,; . 
Xsim3=postmnmx(x3, xmin_tr, xmax_tr); 

ll: , 
,,:; 

figure(1) 
(slope5, intercept5, R5]=postreg(Xsiml(1,: ), X te(1,: )); 

ylabel('. `;. imui, it(<1 t: _> (, ýnF, si tion : Pr ýir, q' ), xlabel('A u. E ...... ......: y' ) 
title([ ' `limul, t(, d v.,. P. ýtual, ynum2str(slope 5), num2str(intercept5), ') 
P.:, ý3uared='. num2str(R5*R5)]); 

figure (2) 
(slope5, intercept5, R5]=postreg(Xsim2(1,: ), X v(1,: )); 
ylabel('5irim i, ited ( (' ntýositic, n : V, i iddt irnt'), x1abel('1ctuiI C: _s t nipcsttion 
: VaIi(1ý11 "n' ), 

.. 

X11 



title([ ' : imuint": vs. nctuai, y- , num2str(slope5), ', ', num2str(intercept5), ') 
R squar-i ', num2str(R5*R5)]); 

figure (3) 
[slope5, intercept5, R5]=postreg(Xsim3(1,: ), X tr(1,: )); 

ylabel('SimuIat cd C3 Composition :H.:.. xlabel('Actual C? '. :a,, Q 

: 
'"rain 

.:., I') , ... 
title([ :; insii. it -: _. A, -tua1, y, num2str(slope5), ') z+ num2str(intercept5), 
h squared ', num2str (R5*R5) )); 

figure(4) 
time = 1: length(X_te(1,: )); 

p1ot(time, X_te(1,: ), '}d 
P; ar}, eLEdcteColor' ,'.. 

' 
, ... 

'h. ar}_etFac0Color', 'q', 
.. 

'Mar k 

xlabel(ylabel('C3 Composition: 'i'esting'),... 
legend(':. ctual', 'Simulated') 
title('=+, I-ua1 and Simulated plot for C3 Composition . I-. t_r. -. t'), 

figure(5) . 'l- 1, -, - 
time = 1: length(X_v(1,: )); 

plot (time, X_v(1,: ), '1: d-', time, Xsim2(1,: ), '. 
- 

_. ir: e"':; c1'_ä', 0.5,... 

'Marl: erFaceColor', 'q', 
'Mar}: erSi: (, ', 4); 

xlabel('Time'), ylabel('C3 Composieion: VaIidat 
legend('T`, (-tual', Simulated') 

title ('A. tual and 7imulated plot for C3 Composition : Validation'), 

figure(6) lI ! ý') 

time = l: length(X_tr(1,: )); 
plot (time, X_tr(1,: ), '}: ci-', time, Xsim3(1,: ), 'rineWid*n', 0.5,... 

'; -i<, i 1_erEdgeColor I, ' k' 
, ... 

' Mar4_erFacaColor' ,' g' , ... 
'Mai }_erSize', 4); 

xlabelUT ime' ), ylabel('C3 Composition: ': r Qing' ),.. 
legend (' Ia tual' , simulated' ) 
title('Actual and Simulated plot for C3 Compos'tion : Training'), 

at2=Xsim3; T_tr=X_tr; 
[rowl, coll] = size(T_tr); 

error_col = zeros(rowl, coll); 
for i=1: 1: rowl, 
for j=1: 1: C011, 

error_col(i, j) _ (at2(i, j) - T_tr(i, j))^2; 

erid 
end 
sum_error = sum(error_col(1,: )); 

rmse_C3_Composition_training = sgrt(sum error/coil); 

r'" " i;: ii lc; r Lc, iininy 
dl=zeros(l, coll-1); 

i=2; 
for n=1: 1: coll-1 

a=Ttr(1, i) - T_tr(1, i-1); 
b=at2(1, i) - at2(1, i-1); 
c=a*b; 
dl(:, i-1)=c; 

i=i+l; 

end 
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D_top=zeros(1, coll-1); 
D botm=zeros(l, coll-1); 
m=l; 
for q=l: l: coll-1 

if dl(:, m)>O 
D_top(:, m)=1; 

else 
D_top(:, m)=0; 

end 

m=m+1; 
end 

[row2, col2] = size(D top); 

CDC_C3_Composition_training = (sum(D_top))*(100/(co12)); 

[rowl, coll] = size(Ttr); 
Percentage_error = zeros(rowl, coll); 
for i=1: 1: rowl, 

for j=l: l: coll, 
Percentage_error(i, j) = ((at2(i, j) - T_tr(i, j))/at2(i, j))*100; 

end 
end 
sum_Percentage error = sum(Percentage_error(1,: )); 
MAPE_C3_Composition_training = (sum Percentage_error/coil); 

(rowl, coll) = size(T_tr); 
Predicted = zeros(rowl, coll); 
Actual = zeros(rowl, coll); 
vall = zeros(rowl, coll); 
va12 = zeros(rowl, coll); 
va13 = zeros(rowl, coll); 
for i=l: l: rowl, 

Ep=mean(at2(i,: )); 
Ea=mean(Ttr(i,: )); 

for j=1: l: Coll, 
Predicted(i, j) = at2(i, j); 

Actual(i, j)=T_tr(i, j); 

vall(i, j)=(Predicted(i, j)-Ep)*(Actual(i, j)-Ea); 

val2(i, j)=(Predicted(i, j)-Ep)^2; 

val3(i, j)=(Actual(i, j)-Ea)^2; 

end 
end 

Cp_C3_Composition_training=(sum(vall(1,: )))/(sgrt(sum(val2(1,: ))*sum(val3(1,: )))); 

[Coeff, Errors, LLF, Innovations, Sigmas, Summary] =garchfit(at2(1,: )); 
[AICt_trainng BICt_trainng]=aicbic(LLF, 4, coll); 

E, 1 
., , i; t E, iit_ --- 

clc; 
output. rmse_C3_Composition_training=rmse_C3_Composition_training; 
output. CDC_C3_Composition_training=CDC_C3_Composition_training; 
output. R_C3 Composition training=R5; 
output. MAPE_C3_Composition-training=MAPE_C3_Composition training; 
output. Cp_C3_Composition_training=Cp_C3_Composition_training; 
output. AIC C3_composition_training=AlCt_trainng; 
output. BlC_C3_composition_training=BlCt_trainng; 
disp(output), 

0(1,1)=output. rmse_C3_Composition_training; 
0(2,1)=output. CDC_C3_Composition_training; 

xiv 



0(3,1)=output. R 
_C3_Compositiontraining; 0(4,1)=output. MAPE C3 Composition training; 

0(5,1)=output. Cp_C3_Composition_training; 

at2=Xsim2; Ttr=X v; 
[rowl, coll] = size(Ttr); 

error_col = zeros(rowl, coll); 
for i=1: 1: row1, 
for j=1: 1: coll, 

error_col(i, j) = (at2(i, j) - T_tr(i, j))^2; 

end 
end 
sum error = sum(error_col(1,: )); 

rmse_C3_Composition_validation = sgrt(sum error/toll); 

.. 11..... . ... ...., 
d1=2eros(1, co11-1); 

i=2; 
for n=1: 1: col1-1 

a=T_tr(1, i) - T_tr(1, i-1); 
b=at2(l, i) - at2(1, i-1); 
c=a*b; 
dl(:, i-1)=c; 

i=i+1; 

end 

D_top=zeros(1, co11-1); 
D botm=zeros(l, co11-i); 
M1, 
for q=1: 1: coll-1 

if dl(:, m)>O 
D_top(:, m)=1; 

else 
D_top(:, m)=0; 

end 

m=m+1; 
end 

[row2, col2] = size(D_top); 

CDC_C3_Composition_validation = (sum(D_top))*(100/(col2)); 

MAIN . ,ý hul ation validation 
[rowl, coll] = size(T_tr); 
Percentage_error = zeros(rowl, coll); 
for i=1: 1: rowl, 

for j=1: 1: coll, 
Percentage_error(i, j) = ((at2(i, j) - T_tr(i, j))/at2(i, j))*100; 

end 
end 
sum_Percentage_error = sum(Percentage_error(1,: )); 
MAPE_C3_Composition_validation = (sum Percentage_error/coil); 
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[rowl, coll] = size(T_tr); 
Predicted = zeros(rowl, coll); 
Actual = zeros(rowl, coll); 
vall = zeros(rowl, coll); 
va12 = zeros(rowl, coll); 
va13 = zeros(rowl, coll); 
for i=1: l: rowl, 

Ep=mean(at2(i,: )); 
Ea=mean(Ttr(i,: )); 

for j=l: l: coll, 
Predicted(i, j) = at2(i, j); 
Actual(i, j)=T_tr(i, j); 
vall(i, j)=(Predicted(i, j)-Ep)*(Actual(i, j)-Ea); 
val2(i, j)=(Predicted(i, j)-Ep)^2; 
val3(i, j)=(Actual(i, j)-Ea )A2; 

end 
end 

Cp_C3_Composition_validation=(sum(vall(1,: )))/(sgrt(sum(val2(1,: ))*sum(val3(1,: )))); 

[Coeff, Errors, LLF, Innovations, Sigmas, Summary]=garchfit(at2(1,: )); 
[AICt_trainng BICt_trainng]=aicbic(LLF, 4, coll); 

c1c; 

output. rmse_C3_Composition_validation=rmse_C3_Composition_validation; 
output. CDC_C3_Composition_validation=CDC_C3_Composition_validation; 
output. R_C3_Composition validation=R5; 
output. MAPE_C3_Composition_validation=MAPE_C3_Composition validation; 
output. Cp_C3_Composition_validation=Cp_C3_Composition_validation; 
output. AIC_C3_composition_validation=AlCt_trainng; 
output. BIC_C3_composition_validation=BICt_trainng; 
disp(output), 

0(6,1)=output. rmse_C3_Composition_validation; 
o(7,1)=output. CDC_C3_Composition_validation; 
o(8,1)=output. R_C3_Composition validation; 
o(9,1)=output. MAPE_C3_Composition_validation; 
0(10,1)=output. Cp_C3_Composition_validation; 

at2=Xsiml; T_tr=X_te; 
[rowl, coll] = size(T_tr); 

error col = zeros(rowl, coll); 
for i=1: 1: rowl, 
for j=1: 1: coll, 

error_col(i, j) _ (at2(i, j) - T_tr(i, j))^2; 

end 
e rid 

sum error = sum(error_col(1,: )); 

rmse_C3_Composition_testing = sgrt(sum error/coil); 

dl=zeros(l, coll-1); 

i=2; 
for n=1: 1: coll-1 

a=T_tr(1, i) - Ttr(1, i-1); 

b=at2(1, i) - at2(1, i-1); 

c=a*b; 
dl(:, i-1)=c; 

i=i+1; 

end 
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D_top-zeros(1, co11-1); 
D botm=zeros(l, coll-1); 
M-1; 
for q=1: 1: coll-1 

if dl(:, m)>O 
D_top(:, m)=1; 

else 
D_top(:, m)=0; 

end 

m=m+1; 
end 

[row2, col2] = size(D_top); 

CDC_C3_Composition_testing = (sum(D top))*(100/(co12)); 

[rowl, coll] = size(Ttr); 
Percentage_error = zeros(rowl, coll); 
for i=1: 1: rowl, 

for j=1: 1: coll, 
Percentage_error(i, j) = ((at2(i, j) - T_tr(i, j))/at2(i, j))*100; 

end 
end 
sum_Percentage_error = sum(Percentage_error(1,: )); 
MAPE_C3_Composition_testing = (sum Percentage_error/coil); 

[rowl, coll] = size(Ttr); 
Predicted = zeros(rowl, coll); 
Actual = zeros(rowl, coll); 
vall = zeros(rowl, coll); 
va12 = zeros(rowl, coll); 
va13 = zeros(rowl, coll); 
for i=1: 1: rowl, 

Ep=mean(at2(i,: )); 
Ea=mean(Ttr(i,: )); 

for j=l: 1: co11, 
Predicted(i, j) = at2(i, j); 
Actual(i, j)=T_tr(i, j); 

ýý ýI 

vall(i, j)-(Predicted(i, j)-Ep)*(Actual(i, j)-Ea); 
val2(i, j)=(Predicted(i, j)-Ep)^2; 
val3(i, j)=(Actual(i, j)-Ea)^2; 

end 
end 

Cp_C3_Composition_testing=(sum(vall(l,: )))/(sgrt(sum(va12(1,: ))*sum(va13(1,: )))); 

[Coeff, Errors, LLF, Innovations, Sigmas, Summary]=garchfit(at2(1,: )); 

[AICt_trainng SICt_trainngl=aicbic(LLF, 4, coll); 

clc; 
output. rmse_C3_Composition_testing=rmse_C3_Composition_testing; 
Output . CDC_C3_Composition_testing=CDC_C3_Composition_testing; 
output. R_C3_Composition testing=R5; 
Output. MAPE_C3_Composition_testing=MAPE_C3_Composition_testing; 
output. Cp_C3_Composition_testing-Cp_C3_Composition_testing; 
Output. AIC_C3 composition testing=AICt_trainng; 
Output. BlC_C3_composition_testing=BICt_trainng; 
disp(output), 

0(11,1)=output. rmse C3 Composition testing; 
0(12,1)=output. CDC_C3_Composi. ti. on_testing; 
0(13,1)=output. R_C3_Composition_testing; 
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0(14,1)=output. MAPE_C3_Composition_testing; 
0(15,1)=output. Cp_C3_Composition_testing; 

APPENDIX D 
%Only the first part of the command differs from that of Appendix C. The presented are 
the differing part 

clc; 
clear 
close ýI; 

A=xlsread ('Ti'); 
B=xlsread 
C=xlsread 

I tr=A(:, 2: 6)'; 
I v=B(:, 2: 6)'; 
I temC(:, 2: 6)'; 
X_tr=A(:, 1)'; 
X v=B(:, 1)'; 
X_te=C(:, 1)1; 

nntwarn - 

[i_tr, imin_tr, imax_tr]=premnmx(I_tr); 
[x_tr, xmin_tr, xmax_tr]=premnmx(X_tr); 

I lil. it iý.. 
.., t 

[i v)=tramnmx(I_v, imin_tr, imax_tr); 
[x_v)=tramnmx(X_v, xmin_tr, xmax_tr); 

[i te]=tramnmx(Ite, imintr, imax_tr); 
[x_te]=tramnmx(X_te, xmin_tr, xmax_tr); 

! I, 'JI it 
net=newelm(minmax(itr), [5 5 1], 

net. trainParam. show=10; 
net. trainParam. epochs=1000; 
net. trainParam. goal=le-2; 
net. trainparam. MU=-0.001; 

rand( 1', 419877); 
net=init(net); 

Ii. I: 

va1. P=i v; 
val. T=x v; 
test. P=i te; 
test. T=x te; 

(net tr]= train(net, i_tr, x_tr, [], [], val, test); 

! ir�iii, " 
xl=sim(net, ite); 

Xsiml=postmnmx(xl, xmin tr, xmax_tr); 

x2=sim(net, i_v) ;" :1;, 1, . o, -! 
Xsim2=postmnmx(x2, xmin_tr, xmax_tr); 

x3=sim(net, i_tr) ; . iji n,; ý-t 
Xsim3=postmnmx(x3, xmin_tr, xmax_tr); 
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APPENDIX E 

%Only the first part of the command differs from that of Appendix C. The presented are 
the differing part 

clc; 
clear !I; 

close , i! I; 

A=xlsread 
B=xlsread 
C=xlsread 

I', II ..... I 
I_tr=A(:, 2: 6)'; 
I v=B(:, 2: 6)' 

I te=C(:, 2: 6)1; 
Xtr=A(:, 1)'; 
X_v=B(:, 1)'; 
X te=C(:, 1)'; 

nntwarn ff; 

! 
.. I:. I,! !, 1L 

[i tr, imin tr, imax tr]=premnmx(I tr); 
[x tr, xmin tr, xmax tr]=premnmx(X tr); 

[i v]=tramnmx(I v, imin_tr, imax tr); 
[x-VI =tramnmx(x v, xmin tr, xmax tr); 

[i te]=tramnmx(I te, imin tr, imax tr); 
[x te]=tramnmx(X te, xmin tr, xmax tr); 

n, , iaýf 

, netanewcf(minmax(itr), (5 6 1) 
('pureIin', tan:, ig_, purr, [ in'}, trninlm', 'Ir, arn:; dtn', 'm; 

net. trainParam. show=10; 

net. trainParam. epochs=1000; 
net. trainParam. goal=le-2; 
net. trainparam. MU=-0.001; 

I:. .... I-, . .. ' t i. 

rand(' seed', 419877); 
net=init(net); 

s; ý i 
va1. P=i v; 
val. T=x v; 
test. P-i_te; 
test. T=x te; 

[net trj= train(net, i_tr, x_tr, [], [], val, test); 

xl=sim(net, i_te); 
Xsiml=postmnmx(xl, xmin_tr, xmax_tr); 
x2=sim (net, i_v) ; vý, 1: ý1<, ti-ý. 
Xsim2=postmnmx(x2, xmin_tr, xmax tr); 
x3=sim(net, 1 tr) ; T, ý1I%: 1'1 

1 
"f 

Xsim3=postmnmx(x3, xmin_tr, xmax_tr); 

APPENDIX F 
%Only the first part of the command differs from that of Appendix C. The presented are 
the differing part 

clc; 
clear 
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close , 

A=xlsread 
B=xlsread 
C=xlsread (''I'e'); 

I_tr=A(:, 2: 6)', 
I v=B(:, 2: 6)1; 
I_te=C(:, 2: 6)'; 
X_tr=A(:, 1)'; 
Xv=B(:, 1)'; 
X-te=C(:, 1)'; 

nntwarn oi t; 

1r, i ii i npl , 
(i_tr, imin_tr, imax_tr]=premnmx(I_tr); 
[x_tr, xmin_tr, xmax_tr]=premnmx(X_tr); 

[i v]=tramnmx(Iv, imintr, imaxtr); 
[x v]=tramnmx(X v, xmin tr, xmax tr); 

[i te]=tramnmx(I te, imin tr, imax tr); 
[x te]=tramnmx(x te, xmin tr, xmax tr); 

sc=0.6; 
net=newrbe(i te, x_te, sc); 
netl=newrbe(i_v, x_v, sc); 
net2=newrbe(i tr, x tr, sc); 

rand(' seed ', 419877); 
net = init(net); 
rand('. seed', 419877), 
netl = init(netl); 
rand( 'scrd', 419877); 
nett = init(net2); 

:: 11'1 1. t, 

xl=sim(net, i_te); ii,; " 
Xsiml=postmnmx(xl, xmin tr, xmax_tr); 
x2=sim(netl, iv); .. r1.! ' Ic! ) i 
Xsim2=postmnmx(x2, xmin tr, xmax tr); 
x3=sim(net2, i_tr) ;! t 
Xsim3=postmnmx(x3, xmin_tr, xmax_tr); 
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APPENDIX G 

No. Detail Week (Semester January 2009) 

(FYP 1) 1 2 3 4 56789 10 11 12 13 14 

1 Selection of project topic 

2 Preliminary research work 

" Literature Review 

3 Data Gathering and Primary analysis 
4 MATLAB® Coding Study 

5 Interim report preparation 

No. Detail Week (Semester July 2009) 

(FYP 2) 1 2 3 4 5 6 7 8 9 10 11 12 13 14 

1 MLR prediction 

2 Data dimensionality reduction using PCA 

3 MLR using PCA reduced data 

4 ANN prediction 

5 Completing interim report 


