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ABSTRACT

Soft sensors are key solutions in predicting importance process variables. In process industries,
important parameters which are difficult or cost a lot to measure online can be predicted using
soft sensors. In this thesis a data driven soft sensor is developed using neural network to predict

important clinker quality parameters.

The developed predictor is significant and can be categorized to the class of neural network
based soft sensors. The significance of the thesis is that it avoids measurement delay incurred
while analyzing clinker samples. As a result, quick control actions can be taken and clinker
quality can be further improved. This is one of the solutions provided by soft sensors. Many soft
sensors have been developed in different application areas and cement factory is the one. Some
papers report neural network based predictors that are developed on rotary cement kiln. These
works are related to the thesis. However, the thesis has its own new contribution. The first new
feature is that it has developed data synthesis strategy. Besides, multiple and advanced neural
network architectures are used to get improved result. Moreover, it is of the first kind for the
selected case, which is the third line of Mugher cement factory.

The thesis is developed stage wise and a desired result is obtained. First, cement production
specific to the case is studied. Then, data of all the recorded variables in the factories database is
collected. This data collection is accompanied by variable selection and data encoding. The data
is processed prior to using it for training the neural networks. This data preprocessing treated
missing and outlier values. Based on the cleaned data, new data is synthesized to have enough
dataset to work on. Finally, neural network models are developed and trained on this dataset. As
a result, neural network models are obtained that can predict LSF, SM, AM and C3S values of

clinker with mean square error values of 4.3482, 0.0027, 0.0011 and 10.8759 respectively.

In conclusion, in this thesis a neural network based data driven clinker quality predictor is
developed. While developing the predictor, Mugher cement factory is used as a case study. The
developed predictor estimates LSF, SM, AM and C3S values

Key words: Soft sensor, neural network, clinker quality prediction.

Xiv



Neural Network Based Data-Driven Clinker Quality Prediction: Case Study on Mugher Cement

Factory

CHAPTER 1
INTRODUCTION

1.1 Motivation and case selection

Soft sensors are key solutions in process industries. | get motivated on building intelligent soft
sensors, to estimate variables in process industries using neural network, while going through a
book called Neural Systems for Control by Omid M. Omidvar and David L. Elliott. Then after, I
needed a case to work on. A doctorate thesis by Petr Kaldec on robust and adaptive soft sensor
discussed many application areas of soft sensors [1]. Using this as a ground work, | have selected

a factory to work on as a case among many application areas.

Initially pharmaceutical industries were chosen as an application area. In these industries
penicillin quality can be predicted using soft sensors. Unfortunately, | have found after a survey
that none of the pharmaceutical industries in Ethiopia has the fermentor, which is used to produce

penicillin. Therefore, a shift in application area selection became a must.

Pulp & paper, sugar and cement factories are other application areas to choose from. Because of
the current increase and expansion in cement factories in Ethiopia, | selected the cement sector.
After this | searched for a cement factory which has rotary kiln, close to Addis Ababa and

operational. Up on these criteria, Mugher cement factory is found to be the case to work on.

Finally, my motivation on building intelligent soft sensors and search for an application area
settled on developing neural network based clinker quality predictor by taking Mugher cement

factory as a case study.

M. Sc. Thesis, Addis Ababa University, October, 2012 1
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Factory

1.2 Statement of the Problem

There are two major problems while measuring clinker quality parameters. The first one is
measurement delay .The time delay of the laboratory analysis is around four hours and that of the
X-Ray Fluorescence (XRF) technique is about fifteen minutes. These delays cause hindrance in
communicating quality report, resulting in difficulties of making timely control adjustment
whenever it is required. This in turn significantly affects producing good quality clinker. The
second one is lack of backup for the XRF. In case of malfunction, quality measurement cannot be
done using the XRF and there is no backup to supplement due to its high cost. Therefore,

measurement delays and absence of backup indicates the need for clinker quality prediction.

1.3 Significance of the thesis

The thesis has two sided importance. On the first, the neural network based quality prediction
avoids measurement delay and enables quick control actions to be taken. Therefore, the
developed predictor can supplement clinker quality measurement and aids on effective kiln
operation. As a result, clinker quality can be further improved. On the other side, as the first of its
kind, it creates motivation on applying neural network based soft sensor to inland process

industries.

1.4 Objective of the thesis

This thesis on the stated problem has general objective and specific objectives. The general
objective of the thesis is to develop a neural network based data-driven clinker quality predictor

by taking Mugher cement factory as a case study. The specific objectives are:

» To study cement production in Mugher cement factory.
» To collect historical process data.
» To pre-process the collected data.

» To develop different neural network based data-driven predictors.

M. Sc. Thesis, Addis Ababa University, October, 2012 2
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» To select the better predictor after testing and comparing the different

predictors.

1.5 Scope of the thesis

Neural network based data-driven clinker quality predictor will be developed taking Mugher
cement factory as a case study. Not all clinker quality related parameters will be predicted, rather
only the major ones. Though clinker quality indicates the quality of cement, the focus of this

thesis is specifically clinker production not the overall cement production process.

1.6 About Mugher cement factory

Mugher cement factory is located 90 km north west of Addis Ababa at attitude of 2450 m in west
Shoa zone of Oromia region. It has three production lines with a total capacity of 1.5 million tons
of clinker per year. The thesis is done on the third line with production capacity of 3000 tons of

clinker per day. The production line uses dry process and has precalciner [13].

M. Sc. Thesis, Addis Ababa University, October, 2012 3
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CHAPTER 2
LITERATURE REVIEW

2.1 Introduction to cement manufacturing process

Cement production is an energy intensive manufacturing process. As a result, adding a little
improvement in the system means a lot of gain. Rotary kiln, in which clinker is produced, is the
heart of the process. This kiln contains nonlinearity, lag and there is no precise mathematical
model to represent it [10]. Thus, neural network models are developed to predict clinker quality
parameters, whereby contributing to clinker quality improvement. In this section the cement

manufacturing process and clinker parameters are discussed.

2.1.1 Cement manufacturing process

Portland cement is the most common type of cement in general use around the world. It is the
type of cement produced by Mugher cement factory. There are four fundamental stages in the
production of Portland cement: quarrying, raw material preparation, clinkering and cement
milling [2,3,20,24].

Limestone Homogenization Clinker
quarrying  Classification  silo store

Figure 2.1.1: Cement manufacturing from limestone quarrying to cement bagging [25].

M. Sc. Thesis, Addis Ababa University, October, 2012 4
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Step 1: Quarrying

The raw material for cement manufacture is a rock mixture of limestone (which is rich in CaCOs;)
and clay (a source of silica, alumina and Fe;Os3). These are quarried and stored separately. The
lime and silica provide the main strength of the cement, while the iron reduces the reaction

temperature and gives the cement its characteristic grey color.

Step 2: Raw material preparation
The steps involved here depend on the process used. There are two main cement manufacturing

processes: the dry process and the wet process.

The dry process

The quarried clay and limestone are crushed separately. Then these raw materials are mixed in
the required proportion, if necessary, corrective minerals are added. The mix is then fed into a
mill.

The wet process

The clay is mixed to a paste in a washmill — a tank in which the clay is pulverized in the presence
of water. Crushed lime is then added and the whole mixture further ground. Any material which
is too coarse is extracted and reground. The slurry is then tested to ensure that it contains the

correct balance of minerals, and any extra ingredients blended in as necessary.

Step 3: Clinkering

This is the step which is characteristic of Portland cement. The finely ground material is dried,
heated (to enable the sintering reactions to take place) and then cooled down again. While it is
being heated various chemical reactions take place to form the major mineral constituents of
Portland cement. The powder from the dry process does not contain much moisture, so can be
dried in a preheater tower. As it falls through the tower it is heated from 70 to 800°C. The
moisture evaporates, up to 20% of the decarbonation (loss of CO,) occurs and some intermediate
phases such as CaO.Al,O3 begin to appear. The mixture is then fed into the kiln. The slurry from

the wet process contains too much moisture to be successfully dried in a preheater tower. Instead,

M. Sc. Thesis, Addis Ababa University, October, 2012 5
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the slurry is fed directly into the kiln where it is formed into dry balls by the heat and rotation of
the kiln. Because of this extra role of the kiln, wet process kilns are generally longer than dry
process kilns. The kilns used in both processes are inclined on a shallow angle and lined with
heat-resistant bricks.

Step 4: Cement milling
To produce the final product the clinker is mixed with gypsum, which is added as a set retarder,

and ground in the cement mill.

2.1.2 Portland cement clinker and clinker formation

Portland cement clinker
Portland cement clinker is a dark grey nodular material made by heating ground limestone and
clay at a temperature of about 1400°C- 1500°C. The nodules are ground up to a fine powder to

produce cement, with a small amount of gypsum added to control the setting properties.

Clinker formation

Portland cement clinker mainly consists of CaO, SiO,, Al,O3; and Fe,Og3; these accounts for more
than 95%. The minor components in total less than 3% are MgO, TiO,, P,Os and alkalis. In
clinker, they are not present in individual oxide, but exist as compounds formed by two or more

oxides. The mineral phases consist mainly of alite, belite, aluminate and ferrite.

e Allite (C3S) is the most important constituent, 50-70% in normal Portland cement
clinkers.

e Belite (C,S) constitutes 15-30% of normal Portland cement clinkers.

e Aluminate (C3A) constitutes 5-10% of most normal Portland cement clinkers.

o Ferrite (C4AF) makes up 5-15% of normal Portland cement clinker

There is a set of reactions in the kiln to form clinker [2,3]. Up to a temperature of about 700°C,

activation of the silicates through the removal of water and changes in the crystal structures take

M. Sc. Thesis, Addis Ababa University, October, 2012 6
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place. Within the temperature range 700°C-900°C, decarbonation of the calcium carbonate
(calcite) occurs, together with the initial combination of the alumina, ferric oxide and of activated
silica with lime. From 900°C to 1200°C, belite forms. Above 1250°C and more particularly above
1300°C, the liquid phase appears and this promotes the reaction between belite and free lime to
form alite. The molten phase goes to a glass or, if cooling is slow, the C3A crystallizes out and in
extreme cases the alite dissolves back into the liquid phase and reappears as secondary belite.
Alkali sulfates condense out as a separate phase during the cooling process. The principal
reactions taking place are conveniently divided into three groups, as follows:

(1) Reactions below about 1300°C, of which the most important are (a) the decomposition of
calcite (calcining), (b) the decomposition of clay minerals, and (c) reaction of calcite or lime
formed from it with quartz and clay mineral decomposition products to give belite, aluminate
and ferrite. Liquid is formed only to a minor extent at this stage, but may have an important
effect in promoting the reactions. At the end of this stage, the major phases present are belite,
lime, aluminate and ferrite. The last two may not be identical with the corresponding phases

in the final product.

(2) Reactions at 1300-1450°C (clinkering): A melt is formed, mainly from the aluminate and
ferrite, and by 1450°C some 20-30% of the mix is liquid. Much of the belite and nearly all the
lime react in the presence of the melt to give alite. The material nodulizes, to form the

clinker.

(3) Reactions during cooling: The liquid crystallizes, giving mainly aluminate and ferrite.

Polymorphic transitions of the alite and belite occur.

The variation in typical contents of phases during the above reactions is shown in fig.2.1.2

below.
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Figure 2.1.2: Variations in typical contents of phases during the formation of Portland cement

clinker [2].

2.1.3 Clinker moduli and minerals of clinker

Parameters based on the oxide composition are very useful in describing clinker characteristics

[5]. The following parameters are widely used (chemical formulae represent weight percentages).

2.1.3.1 Clinker moduli
The content of the major clinker oxides is controlled by using modulus calculations to maintain

the required proportion of CaO, SiO,, Al,O3; and Fe,O3. The moduli are calculated as follows [5]:

1. Lime saturation factor (LSF)
100 CaO

Q. 2,11
2.85i0, + 1.18 Al,0; + 0.65Fe,05 ¢d

Lime Saturation factor (LSF) =
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LSF is the amount of CaO which is enough to saturate SiO,, Al,O3, Fe,O3 to form Portland
cement clinker.
LSF governs the ratio of alite to belite and also shows whether the clinker is likely to contain

an unacceptable proportion of the free lime.

If the value of LSF is higher than the usual (90-98%):

Fuel consumption increases.

Burning zone temperature increase and heat loss by radiation increase.

Brick work will be damaged.

Reducing condition in the kiln is formed which greatly affects clinker quality and brick life.
Large clinker nodules are formed which deteriorate clinker quality.

Free CaO increases which affects the quality of clinker and production of sound cement.

When LSF is lower:

Clinker burning is easy with low heat of consumption.

Free lime content is low and the lower the early strength of the cement.

Silica modulus (SM)
Si0,

Silica Modulus (SM) =
ilica Modulus (SM) AL,0; T Fe,0;

we..€q.2.1.2

It characterizes the ratio of solid to liquid in the clinker.
Its major effect is on the quantity of liquid phase or flux potentially present out at clinkering

temperature.

If the value of SM is higher than the usual (2.0 — 2.4):

Clinker is hard to grind.
The raw mix is difficult to burn due to lower content of Al,O3; and Fe,0s.

Low cement strength

. Sc. Thesis, Addis Ababa University, October, 2012 9
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When SM is lower than the usual:
e The raw mix is easy to burn.
¢ Ring and ball formation is increased due to excess liquid.

e Slow hardening of cement.

3. Alumina modulus (AM)
Al, 03
Fe203 .

Alumina Moduls (AM) = e €q.2.1.3

It governs the proportion of aluminate to ferrite Phases in the clinker, which has important effects
on cement properties and also determines the quantity of liquid formed at relatively low

temperature.

If the value of any higher than the usual (1.5-1.65):
e Hard burning

e High early cement strength with low sulfate resistance.

When AM is lower than the usual:
e Easily burnable

e Low early cement strength with high sulfate resistance and low heat of hydration.

2.1.3.2 Clinker minerals
The oxides of calcium, silicon, aluminum and iron are the four major components that react to

form the main clinker minerals. These minerals are:

Alite (C3S)
e It is the main strength constituent of cement.

e Used for rapid hydration, high initial and good final strength.
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Belite (C,S)
e Has low heat of hydration.

e Contribute to late strength.

Aluminate (C3A)
e Used for rapid hydration that promotes early strength.
e Reacts with sulfate and undergoes volume expansion.

e Shrinks appreciably on hydration.

Ferrite (C4AF)
e Contribute little or no for strength development.
e Gives normal cement its colors

e Has moderate heat of hydration.

The approximate proportion of the four main minerals in Portland cement clinker is calculated

using a set of equations called Bogue equation [5]. These equations are listed as follows

C3S = 4.07(Ca0 — Free Ca0) — 7.6Si0, — 1.43Fe, 03 — 6.7Al,03 — 2.85503 ....eq.2.1.4

C,S = 2.875i0; — 0.75C3S v n..€q.2.1.5
C3A = 2.6541,0; — 1.69Fe,05  .........eq.21..6
C,AF = 3.04Fe,03  ..........eq.2.1.7

2.2 Material composition measurement techniques in

cement industry

Material composition measurement is important in cement manufacturing. The measurement is
used to acquire target clinker composition. The composition of raw materials, kiln meal and

clinker can be determined using wet chemical analysis and XRF technique.
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Wet chemical analysis and XRF techniques are two different methods. In the case of wet
chemical analysis, samples of raw material, kiln meal or clinker is analyzed in a chemical
laboratory. However, the XRF technique utilizes electromagnetic radiation to analyze the

specimen prepared.

2.3 Paper works on soft sensors in cement factory

Soft sensors have application in predicting important process parameters. Among many process
industries cement factory is the one to get the benefit of soft sensors. There are many papers on

the application of soft sensors [6, 7, 8, 9, 10,11].

Water quality parameters prediction is done using multilayer perceptron network [6], the quality
of polypropylene is predicted using soft sensor [7], hierarchical neural network is used to predict
product quality of industrial ethylene pyrolysis process [8] and cascade and feedforward
backpropagation neural network models are used for prediction of sensory quality of an instant
drink [9]. These papers show the importance of soft sensors for process parameter prediction

though none of them involves cement manufacturing.

Neural network based temperature predictor for cement rotary kiln is reported in a paper [10]. In
this predictor backpropagation and Elman neural network are used. This paper serves as a good
illustration of the benefits of soft sensor in cement factory. However, it is not directly linked to

clinker quality prediction, which is the focus of this thesis.

Neural network based clinker quality parameters prediction is also reported [11]. This predictor
has used backpropagation neural network for simultaneous prediction of free lime, C3S, C,S and
CsA. Besides, the paper gives recommendation on using some other network architectures to

further improve the result.
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CHAPTER 3
MATERIAL AND METHODOLOGY

The basic steps in any data driven soft sensor design method are data collection, data
preprocessing, model selection and training and finally model validation which are shown in the

schematic diagram below [12].

Data Data Model Model Soft

collection 2P| preprocessmg 5electj0_tl and P validation sensor [P Output
training
F 3

Soft sensor
maintenance  [%

Expert
knowledge &

Y

Figure 3.1: Soft sensor design steps

3.1 Data collection

An industrial database provides data of all the variables that are recorded. However, all the
available variable data is not relevant to the process variables to be estimated. Thus, relevant
variables are selected with the help of experts from Mugher cement factory. Then the

corresponding data is collected and encoded.

3.1.1 Variable selection
Up on a five day visit to Mugher cement factory, in two phases, relevant variables regarding

clinker quality are selected out. This will not be possible without the genuine assistance offered
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by experts from Mugher cement factory. Accordingly, the model will have in total of twelve

inputs and four outputs. These parameters are shown in table 3.1.1 below.

Input Output
List Operating parameters Kiln meal Clinker variables
no. variables
1 Secondary air temperature (°C) SiO, Lime saturation factor
(LSF)

2 Calciner rising pipe temperature (°C) Al,O3 Silica modulus (SM)
3 Kiln gas flue chamber temperature (°C) | Fe,O3 Alumina modulus (AM)
4 Quantity of oil before kiln burner CaO Alite (C3S)

(Kg/hr)
5 Quantity of oil before calciner burner

(Kg/lhr)
6 Kiln speed (rpm)
7 Kiln meal flow rate (ton/hr)
8 Hot gas ID fan power (A)

Table 3.1.1: List of input-output variables

The following free hand sketch, in blocks, of part of the third line shows points of actions of

some of the relevant variables.
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Figure 3.1.1: Variables points of actions

3.1.2 Collecting data for operating parameters, kiln meal and clinker variables
During the stay in Mugher cement factory historical process data is collected. This data

corresponds to the operating parameters, kiln meal and clinker variables.

Collecting data for the operating parameters

Operating parameters are normally recorded every one hour on log sheets manually. Thus, | am
forced to take pictures of more than one thousand (1338) pages using high resolution digital
camera. This data corresponds to five month historical data. Then | have converted about one
thousand (927) JPEG images, for ease of retrieving, in to PDF files using a software called Image

to PDF Converter Free 5.0.

The figure below shows the picture of a typical log sheet (The picture of the log sheet is given in
appendix V1 for a better readability). On such sheets operating parameters are recorded manually.
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Figure 3.1.2: A picture of typical log sheet on which operating parameters are recorded

Collecting data for kiln meal and clinker variables

Collecting the kiln meal and clinker data is relatively easy for it is obtained in machine printed
format. Kiln meal data is recorded every one hour and that of clinker is recorded every day.

3.1.2.1 The problem of dimensionality mismatch

Clinker data is measured every day and kiln meal and operating parameters are measured every
one hour. Thus, for hundreds of clinker data samples there will be thousands of kiln meal and
operating parameters data samples. This forced me to collect large historical data for few input —

output sample pairs. Thus, the problem of dimensionality mismatch increased the data size.
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3.1.3 Data encoding
The following has been done while encoding the hand written data of the operating parameters
on the log sheets. The encoded data is given in the CD named ‘auxiliary’.

» Non recorded values are marked by ‘dash’ symbol.

» Correction is made on data format of some log sheets.

» Some log sheets have two different dates. This problem is resolved by

looking on the remark sheets.
> Difficult to read values are marked out to be replaced.

» Data sheets with completely unclear or not recorded dates are not encoded.

Since the kiln meal and clinker data are obtained in machine printed format, their conversion to
soft copy is relatively easy compared to the operating parameters data. While converting the

historical data in to soft copy Microsoft Office Excel 2007 is used as a spread sheet application.

3.2 Data preprocessing

The aim of this section is to produce cleaned historical data. The historical data is not ready to
use for training due to the presence of missing values, outliers and others. Thus, the data
collected from the industrial database is subjected to appropriate treatment.

3.2.1 Preliminary work

The historical data is not recorded in a manner suitable for further work. Besides, input-output
dependence needs to be defined. Therefore, before going to missing value and outlier treatment

preliminary work is done.
3.2.1.1 Correcting time format mismatch

Both the operating parameters and kiln meal and clinker variables are recorded on 24hr system.
In the operational parameters’ data sheet a new day begins in the morning at 7. However, in Kkiln

meal and clinker data sheet a new day begins at O in the midnight. Thus, this mismatch is
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corrected by converting the time format of the operating parameters to match that of the kiln

meal and clinker. Figure 3.2.1 shows the conversion.

Operatingparameters |7 8 9... 23 24 1 2 3.6 7
Kiln meal 7 8 9... 23 I o|1 2 3.6 7
Clinker 7 8 9... 23 | 0|1 2 3.6 7

< =

Operatingparameters |7 8 9... 2310 |1 2 3..6 7

Kiln meal 7 8 9... 2310 1|1 2 3..6 7
Clinker 7 8 9.. 2310 1|1 2 3.6 7
Key

3 The beginning of a new day
Figure 3.2.1: Time format conversion

3.2.1.2 Defining input-output time dependence

Clinker is analyzed once in 24hr, usually in the morning around 8. The analysis is done on a
blended sample of many hours, usually of 24hr, where a sample is taken every 2hr. However,
kiln meal and operating parameters are recorded every 1lhr. Thus one set clinker analysis result
depends on the average of many hours, usually 24hr, data of kiln meal and operating parameters.

This time dependence is shown in figure 3.2.2 below.
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Kiln meal
8 9 10 11.. 23 0 1 2 3.. 6 7

Operating parameters Clinker

> Time
Figure 3.2.2: Input-output time dependence

3.2.2 Missing value imputation

Missing data corresponds to data values that should be present in a dataset but that, for various
reasons, are absent [14]. It is treated using known mathematical expressions and linear

interpolation.

3.2.2.1 Treating missing value using known mathematical expression

Values of some variables which are present but not recorded or difficult to read are replaced
using known mathematical relationship. The variables are quantity of oil before kiln burner,
quantity of oil before calciner burner and kiln meal. Thus, around 57 values are found to be
missing and imputed for using eqs.3.2.1-3.2.3.

Quantityof oil before kiln burner (Kghr) = Afuel oif counter at kiln burner (Kg) - eq.3.2.1

1lhr

Afuel oil counter at calciner burner (Kg)

Quantity of oil before calciner burner (Kg/hr) = m
r

...eq.3.2.2

Kiln meal flow rate (ton/hr) = 2Kiin meal counter (ton) -~~~ eq.3.2.3

1lhr
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3.2.2.2 Treating missing value using linear interpolation

While calculating daily averages of the input variables some day’s values are absent. These
values are imputed using linear interpolation. In this method the previous and next values are
used to calculate the current value as shown by figure 3.2.3 and eq.3.2.4. As a result, around 14

daily average values are found to be missing and thus imputed for.

tn tl

Figure 3.2.3: Linear interpolation

3.2.3 Outlier detection

An outlier is an entry in a dataset that is anomalous with respect to the behavior seen in the
majority of the other entries in the dataset [14]. Outliers can be distinguished into two types.
Obvious outliers are those whose values do not satisfy the physical and technological limitations

(e.g. a negative fuel rate). Non obvious outliers even though satisfy the technological limitations,
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have values outside the typical range and hence are not true reflection of the correct variable state
[12].

Obvious outliers are detected using process knowledge. This results in detecting five obvious
outliers. Once an obvious outlier is detected, it is removed and treated as a missing value.

However, non obvious outliers are detected using the 36 edit rule.

3.2.3.1 The 36 edit rule

The 35 edit rule is based on the hypothesis that the variables considered are normally distributed
and it is generally applicable even though the normality condition is seldom satisfied [12, 15].

Accordingly, 99.73% of the data is within the 35 region of the mean.

| f‘(l) ‘ Thus, according to this rule all process values
satisfyingthe condition :

[ | |X; — 1| > 35 are outliers

| | | where :
: A mean

o :standard deviation

» 1
u-36 l u+3b
Figure 3.2.4: Normal distribution

Using this method, three justifiable outliers are detected. Then after they are removed and treated
as a missing value. Finally, after all the preprocessing stages, forty-eight cleaned input-output

dataset is prepared.

3.3 Data synthesizing

After preprocessing the data, forty-eight cleaned input-output dataset is obtained. However, the

smaller the size of the data, the difficult will it be to train the neural network. Besides, small
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dataset will not have enough variations to be representative. Therefore, a dataset is required to be

synthesized systematically for there was no more data available to be collected.

To synthesis the data only one of the input attributes is varied while keeping all the rest fixed.
This will avoid complications and gives large amount of data. The variables that are to be varied
are kiln meal attributes, i.e. kiln meal oxides. To obtain process like data, the variation is limited
within a sound possible range of variation. Based on the input data synthesized in this way, the
output is generated by using mathematical expression. Furthermore, developed and known

mathematical expressions are used along with MATLAB to accompany the synthesizing process.

3.3.1 Input data synthesizing strategy

Two methods are proposed to calculate the range in the kiln meal oxide variation. These methods

are compared and the better one that comes out is used to synthesize the input data.

I. Conventional range
This method will generate input data set by using the constraint that the daily average kiln meal
oxide composition should be within the maximum-minimum range of the hourly measured oxide

composition of the kiln meal.

Advantage of the method:
e Easy mathematical manipulation.
Disadvantage of the method:

e The maximum-minimum range can be highly affected by incidental hourly oxide level
drop or rise. Thus, making unrealistic large variation on the daily average oxide
composition.

This method is described by giving an instance. As an example, input data generation on the

basis of SiO, composition of the kiln meal is given as follows.
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The SiO; content, just like the other oxides, can be used to generate an input dataset that is twice

the size of the original input dataset. This is obtained by increasing and decreasing the SiO, level.

First, a one set of data can be synthesized by increasing SiO; level of the original input dataset.
The value to be added is the difference between the maximum hourly oxide level and the
maximum average daily oxide level. This makes the newly generated data not to violate the

upper limit.

Second, another set of data can be synthesized by decreasing SiO, level of the original input
dataset. The value to be deducted is the difference between the minimum average daily oxide
level and the minimum hourly oxide level. This makes the newly generated data not to violate the

lower limit.

Therefore a new dataset twice the original data size can be generated by adding and deducting

values.
From ‘kiln meal’ and ‘Input-Output’ sheets of the excel file (saved in the CD named auxiliary),
Maximum SiO, (hourly basis) = 13.49 Maximum SiO, (daily average) =12.84

Minimum SiO, (hourly basis) = 10.41 Minimum SiO, (daily average) = 12.10

Generating by adding a value

The value to be added= Maximum SiO; (hourly basis) - Maximum SiO; (daily average)
=13.49-12.84
=0.65
By adding 0.65 to SiO, content of the kiln meal, given in the Input-Output sheet, a new dataset is
generated. Table 3.3.1 shows the synthesized data.
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Generating by deducting a value

The value to be deducted = Minimum SiO, (daily average) - Minimum SiO; (hourly basis)
=12.10-10.41

=1.69

By subtracting 1.69 to SiO, content of the kiln meal, given in the Input-Output sheet, a data set is

generated. Table 3.3.1 shows the synthesized data.

kiln meal (daily average)

Si02 kiln meal (daily average)
Si02 (synthesized Si02

seq. Si02 (synthesized | by Si02 (synthesized
no. (original) | by adding) deducting) Si02 (synthesized | by

1 12.53 13.18 10.84 seq. no. | (original) | by adding) deducting)
2 12.54 13.19 10.85 27 12.47 13.12 10.78

3 12.54 13.19 10.85 28 12.59 13.24 10.90

4 12.44 13.09 10.75 29 12.47 13.12 10.78

5 12.52 13.17 10.83 30 12.51 13.16 10.82

6 12.62 13.27 10.93 31 12.66 13.31 10.97

7 12.69 13.34 11.00 32 12.57 13.22 10.88

8 12.84 13.49 11.15 33 12.40 13.05 10.71

9 12.57 13.22 10.88 34 12.66 13.31 10.97

10 12.38 13.03 10.69 35 12.73 13.38 11.04

11 12.80 13.45 11.11 36 12.72 13.37 11.03

12 12.61 13.26 10.92 37 12.44 13.09 10.75

13 12.64 13.29 10.95 38 12.41 13.06 10.72

14 12.41 13.06 10.72 39 12.44 13.09 10.75

15 12.48 13.13 10.79 40 12.56 13.21 10.87

16 12.34 12.99 10.65 41 12.31 12.96 10.62

17 12.53 13.18 10.84 42 12.29 12.94 10.60

18 12.55 13.20 10.86 43 12.40 13.05 10.71

19 12.59 13.24 10.90 44 12.10 12.75 10.41

20 12.60 13.25 10.91 45 12.35 13.00 10.66

21 12.69 13.34 11.00 46 12.40 13.05 10.71

22 12.63 13.28 10.94 47 12.65 13.30 10.96

23 12.69 13.34 11.00 48 12.44 13.09 10.75

24 12.69 13.34 11.00 average | 12.54 13.19 10.85

25 12.78 13.43 11.09

26 12.56 13.21 10.87 Table 3.3.1: Original and synthesized data for

SiO, composition of kiln  meal using
conventional range.
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Il. Range calculated from average values
This method will generate input data set by using the constraint that the daily average kiln meal
oxide composition should be within the range (calculated from average values) of the hourly kiln
meal oxide content.
Advantage of the method

e Avoids the ‘range’ from being highly affected by incidental hourly oxide level drop or

rise. As a result, provides better realistic input dataset variation.

Disadvantage of the method

e Relative mathematical complexity.
The range is calculated by using average of higher values of the hourly basis oxide level as the
upper limit and average of lower values of the hourly basis oxide level as the lower limit. The
percentage of the dataset (hourly basis) that is used to calculate the limits is determined by

considering the fact that the original daily kiln meal oxide composition is highly precise.

An example on input data generation on the basis of SiO, composition of the kiln meal is given
below. In this example two percent averaging and five percent averaging are used for

comparison.

For the two percent case, the top 2% of the hourly basis SiO, level and the lower 2% are used to
calculate the upper and lower limits respectively. Since a total of 694 samples are available, see
the ‘kiln meal’ sheet, two percent of it means fourteen samples. Therefore, the top fourteen and
the lower fourteen samples are taken. Averages of these values give upper and lower limits.
Thus,

Upper limit of SiO, = average of the top fourteen = 13.23

Lower limit of SiO, = average of the lower fourteen =11.83

Maximum SiO; (daily average) =12.84

Minimum SiO, (daily average) = 12.10
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Generating by adding a value

The value to be added= Upper limit of SiO, - Maximum SiO; (daily average)
=13.23-12.84
=0.39
By adding 0.39 to SiO, content of the kiln meal, given in the ‘Input-Output’ sheet, a data set is
generated. Table 3.3.2 shows the synthesized data.

Generating by deducting a value

The value to be deducted = Minimum SiO, (daily average) - Lower limit of SiO,
=12.10-11.83
=0.27
By subtracting 0.27 to SiO, content of the kiln meal, given in the ‘Input-Output’ sheet, a data set

is generated. Table 3.3.2 shows the synthesized data.

For the five percent case, the top 5% of the hourly basis SiO, level and the lower 5% are used to
calculate the upper and lower limits respectively. Since a total of 694 samples are available, five
percent of it means thirty five samples. Therefore, the top thirty five and the lower thirty five

samples are taken. Averages of these values give upper and lower limits. Thus,

Upper limit of SiO, = average of the top thirty five = 13.11
Lower limit of SiO, = average of the lower thirty five = 12.00
Maximum SiO; (daily average) =12.84

Minimum SiO,, (daily average) = 12.10

Like the two percent case, the value to be added and subtracted is calculated. The values are 0.27

and 0.1 respectively. Table 3.3.3 shows the synthesized data for five percent case.

M. Sc. Thesis, Addis Ababa University, October, 2012 26



Neural Network Based Data-Driven Clinker Quality Prediction: Case Study on Mugher Cement

Factory
kiln meal (daily average)
Si02 Si02

seq. (synthesized | (synthesized kiln meal (daily average)

no. Si02 by adding) by deducting) Si02 Sio2

1 12.53 | 12.92 12.26 (synthesized | (synthesized
2 12.54 | 12.93 12.27 seqg.no. | Si02 | by adding) by deducting)
3 12.54 12.93 12.27 34 12.66 | 13.05 12.39

4 12.44 12.83 12.17 35 12.73 | 13.12 12.46

5 12.52 12.91 12.25 36 12.72 | 13.11 12.45

6 12.62 13.01 12.35 37 12.44 | 12.83 12.17

7 12.69 13.08 12.42 38 12.41 | 12.80 12.14

8 12.84 13.23 12.57 39 12.44 | 12.83 12.17

9 12.57 12.96 12.30 40 12.56 | 12.95 12.29

10 12.38 12.77 12.11 41 12.31 | 12.70 12.04

11 12.80 13.19 12.53 42 12.29 | 12.68 12.02

12 12.61 13.00 12.34 43 12.40 | 12.79 12.13

13 12.64 13.03 12.37 44 12.10 | 12.49 11.83

14 12.41 12.80 12.14 45 12.35 | 12.74 12.08

15 12.48 12.87 12.21 46 12.40 | 12.79 12.13

16 12.34 12.73 12.07 47 12.65 | 13.04 12.38

17 12.53 12.92 12.26 48 12.44 | 12.83 12.17

18 12.55 12.94 12.28 average | 12.54 | 12.93 12.27

19 12.59 12.98 12.32

20 12.60 12.99 12.33

21 12.69 13.08 12.42

22 1263 | 13.02 12.36 Table 3.3.2: Original and synthesized data for
23 1269 | 13.08 12.42 SiO, composition of kiln meal (average of 2%)
24 12.69 13.08 12.42

25 12.78 13.17 12.51

26 12.56 12.95 12.29

27 12.47 12.86 12.20

28 12.59 12.98 12.32

29 12.47 12.86 12.20

30 12.51 12.90 12.24

31 12.66 13.05 12.39

32 12.57 12.96 12.30

33 12.40 12.79 12.13
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kiln meal (daily average)
Si02 Si02 kiln meal (daily average)
seq. (synthesized | (synthesized Sio2 Si02
no. Si02 by adding) by deducting) (synthesized | (synthesized
1] 1253 12.80 12.43 seq.no. | Si02 | by adding) by deducting)
2| 12.54 12.81 12.44 33| 12.40 12.67 12.30
3] 1254 12.81 12.44 34 | 12.66 12.93 12.56
41 12.44 12.71 12.34 35| 12.73 13.00 12.63
5| 12.52 12.79 12.42 36 | 12.72 12.99 12.62
6| 12.62 12.89 12.52 37 | 12.44 12.71 12.34
7] 12.69 12.96 12.59 38 | 12.41 12.68 12.31
8| 12.84 13.11 12.74 39 | 12.44 12.71 12.34
9| 1257 12.84 12.47 40 | 12.56 12.83 12.46
10 | 12.38 12.65 12.28 41| 12.31 12.58 12.21
11| 12.80 13.07 12.70 42 | 12.29 12.56 12.19
12 ] 12,61 12.88 12.51 43 | 12.40 12.67 12.30
13 | 12.64 12.91 12.54 44 | 12.10 12.37 12.00
14 12.41 12.68 12.31 45 | 12.35 12.62 12.25
15| 12.48 12.75 12.38 46 | 12.40 12.67 12.30
16 12.34 12.61 12.24 47 | 12.65 12.92 12.55
17 | 12.53 12.80 12.43 48 | 12.44 12.71 12.34
18 | 1255 12.82 12.45 | | Average | 12.54 12.81 12.44
19 | 12.59 12.86 12.49
20| 12.60 12.87 12.50
21| 12.69 12.96 12.59
22| 12.63 12.90 12.53 | Table 3.3.3: Original and synthesized data for
23| 12.69 12.96 1259 | SiO2 composition of kiln meal (average of 5%)
24 | 12.69 12.96 12.59
25| 12.78 13.05 12.68
26| 12.56 12.83 12.46
27 | 12.47 12.74 12.37
28 | 12.59 12.86 12.49
29 | 12.47 12.74 12.37
30| 12.51 12.78 12.41
31| 12.66 12.93 12.56
32| 12.57 12.84 12.47

M. Sc. Thesis, Addis Ababa University, October, 2012

28




Neural Network Based Data-Driven Clinker Quality Prediction: Case Study on Mugher Cement

Factory

It can be observed from table 3.3.4 below that the average of the data generated by the
conventional range method deviates by large value from the average of the original data when it
is compared with method 1l (range calculated from average value). Even with in this method the

five percent case gives a better variation with a smaller deviation than the two percent case.

Therefore, method 11 will be used to generate input data from oxides of the kiln meal by fixing
the rest input attributes.

(method I) Method |1
Conventional
range (range calculated from average value)
2% 5%
Generating by 0.65 0.39 0.27
adding a value
T o
c 2 —~
238 3 -
&8 Z = Generating by 1.69 0.27 0.1
E, g 5| deducting a value

Where

Uo : Mean of theoriginal data
Us, :Mean of thesynthesizal data

Table 3.3.4: Comparison of input data synthesizing methods

M. Sc. Thesis, Addis Ababa University, October, 2012 29



Neural Network Based Data-Driven Clinker Quality Prediction: Case Study on Mugher Cement

Factory

3.3.2 Output data synthesizing strategy

The outputs, i.e. clinker parameters, are calculated from measured oxides of the clinker. The

outputs are calculated as follows.

100 Ca0

Li turation factor (LSF) = e n.eq.33.1
ime Saturation factor (LSF) = 5 e85+ 0.65Fe,0; €q. 3.3
Silica Module (SM) = 510, 3.3.2
ilica Module = AL0, t Fo,0; e e w000 3.3

. Al; 03
Alumina Module (AM) = e eeeeenn€0.3.3.3

Fe203

C3S = 4.07 ( Ca0 - Free Ca0) — 7.6 Si0; — 1.43Fe,05 — 6.7 Al;03 — 2.85 SO3 ...eq.3.3.4

As can be seen from the above formulas the outputs are calculated from oxides. Thus, if the
oxides values are obtained, the outputs can be calculated. Many of the oxides values can be
obtained (approximately) from the fact that while the meal is burned some percentage of its mass
is lost. Therefore, from the knowledge of this loss called loss on ignition (LOI) the clinker
oxides, i.e. Ca0, SiO,, Fe,03 and Al,Og3, can be approximately calculated from kiln meal oxides
by using egs.3.3.5-3.3.8.

Up on an expert’s recommendation from the factory, LOI have average value of 35%. This value
can be used. However, LOI calculated from the original data using eqgs.3.3.5-3.3.8 will give more
process like LOI. Table 3.3.5 shows the average values of LOI, whose calculation is shown in the

‘Input-Output (temp.)’ sheet of the excel file (given in the CD named auxiliary).

SiOz A|203 Fe,O; CaO

LOI 39.36 29.95 35.31 35.14
(average)

Table 3.3.5: Average loss on ignition
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o (% CaO in kiln meal ) 100
%Ca0 in Clinker = e en.€Q.3.3.5
100 — LOI
. ) ( % SiO, kiln meal ) 100
% SiO; in Clinker = e e e . €G.3.3.6
100 — LOI
. ( % Al,05 kiln meal ) 100
% Al,03 in Clinker = v e €Q.3.3.7
100 — LOI
o ( % Fe, 03 kiln meal ) 100
% Fe, 03 in Clinker = e e . €Q.3.3.8
100 — LOI

As can be seen from eq.3.3.4, the calculation of C3S is involved with free CaO and SOj3 values,
which cannot be obtained from kiln meal composition by using LOI. Thus, multiple regression is
used to fit a model on the available original data. The model is of the form:

C3S=ap + a;Ca0 + a,Si0, + azAlL,O3 + asFe, 03 ..., eq.3.3.9

Multiple regression solves for unknown coefficients ao, a;, a,, az and a4 from the original clinker

data given in the ‘Input-Output (temp.)’ sheet. After importing the data to MATLAB workspace,

~

the following code will give the coefficients.

>> % MATLAB code to do multiple regression
>> x=[ones(size(Ca0)) Ca0 Si02 Al203 Fe203]; % x is the design matrix
>> a=x\C3S % a is the vector of the coefficients

a =

-38.2749
4.3795
-7.0331
-8.0014
1.0512

\ /
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Thus, the model becomes
C3S= -38.2749+ 4.3795Ca0 -7.0331SiO, -8.0014Al,03 + 1.0512Fe,05 ............. eq.3.3.10

The maximum of the absolute value of the deviation of the data from the model is used to
validate the model. The following MATLAB code gives the maximum of the absolute value of

the deviation.

a A

>> % MATLAB code to calculate maximum of the absolute value of the deviation

>> y=x*a; % y is data from the model

>> MaxErr = max(abs(y - C3S))% MaxErr is maximum of the absolute value of the
% deviation

MaxErr =

1.0829

/

This value is much smaller than any of the data values, indicating that this model accurately

follows the data.

The maximum of the absolute value of the deviation, using average values of free CaO and SO;
to be 1.5 and 1.53 - obtained from clinker data with guidance from an expert in the factory -
respectively, is 6.0267. Thus, the multiple regression model is better than the Bogue calculation
used with proposed values. Therefore, the multiple regression model will be used to find C3S

values from generated clinker oxide values.
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3.3.3 Generating the input-output dataset

Using the data synthesis strategy discussed thus far, input-output dataset is generated. Thus, in
this section the generated input and corresponding outputs are given. Furthermore, how

specifically the data is synthesized is discussed.

I. Input data

Out of the total twelve input attributes, four of them will be used to synthesize new input dataset
and method 11 (range calculated from average value) will be employed. If this method is used as
in the case of the example given (given in section 3.3.1), each kiln meal oxide will generate
dataset of twice the size of original dataset, which is forty eight. This could make the input-
output dataset to be dominated by artificial features. Thus, only half randomly selected input
dataset will be used as a basis while generating. Then, either by adding or deducting a value new

dataset is generated. In this way, 144 samples of input-output dataset can be obtained.

Generating from kiln meal SiO,

Half of the kiln meal SiO, data is randomly selected using the MATLAB built in function
dividerand. The following MATLAB code does the random selection after the data is imported to
MATLAB workspace.
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//::/; MATLAB code to randomly dividing the kiln meal SiO2 ‘\\\\\

>> x=5i02"';

>> [selcV,valV,restV,selcInd,vallnd,restInd]= dividerand(x,0.5,0,0.5);
>> selcInd % gives the indices of the random selection

selcInd =

Columns 1 through 18

1 3 5 7 9 10 12 17 18 19 22 25
26 27 30 32 37 39

Columns 19 through 24

\\\\\¥40 42 43 45 47 48 4/////

Generating by adding a value (the 5% case) is used since majority of the original data is above

average.
Upper limit of SiO, = average of the top thirty five = 13.09
Maximum SiO; (daily average) =12.84
The value to be added = Upper limit of SiO, - Maximum SiO; (daily average)
=13.09-12.84
=0.25.
Adding this value to the randomly selected dataset gives 24 samples of input data shown in the

‘Input-Output (synthesized)’ sheet of the excel file given in the CD named auxiliary.

Generating from kiln meal Al,O4
Similar to the SiO, case the kiln meal Al,Osdata is selected by writing a MATLAB code. The
code is the following:
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//::/; MATLAB code to randomly dividing the kiln meal A1203 ‘\\\\\

>> x=A1203"';

>> [selcV,valV,restV,selcInd,vallnd,restInd]= dividerand(x,0.5,0,0.5);
>> selcInd % gives the indices of the random selection

selcInd =

Columns 1 through 18

3 4 5 7 12 17 19 21 22 23 26 27
28 29 30 31 35 36

Columns 19 through 24
\\\\\¥37 41 42 43 46 48 4/////

Generating by deducting a value (the 5% case) is used since majority of the original data is less

than or equal to the average.

Lower limit of Al,O3 = average of the lower thirty five = 4.09

Minimum Al,O3 (daily average) = 4.08

The value to be deducted = Minimum Al,Oj3 (daily average) - Lower limit of Al,O3
=4.08 - 4.09
=-0.01

Since the value is negative, the lower limit is not actually a limit. Thus, 2% case will be used. For

this case:

Lower limit of Al,O3 = average of the lower fourteen= 4.03

Minimum Al,O3 (daily average) = 4.08

The value to be deducted = Minimum Al,O3 (daily average) - Lower limit of Al,O3
=4.08 - 4.03
=0.05
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Subtracting this value to the randomly selected dataset gives 24 samples of input data shown in

‘Input-Output (synthesized)’ sheet.

Generating from kiln meal Fe,O3

The MATLAB code for random selection of kiln meal Fe,O3 data is given below.

///::7% MATLAB code to randomly dividing the kiln meal Fe203 ‘\\\\\

>> x=Fe203"';
>> [selcV,valV,restV,selcInd,vallnd,restind]= dividerand(x,0.5,0,0.5);
>> selcInd % gives the indices of the random selection

selcInd =
Columns 1 through 18

3 5 6 7 8 11 14 16 17 22 28 30
32 33 34 35 38 40

Columns 19 through 24

\\\\\; 41 42 45 46 47 48 4/////

Generating by adding a value (the 5% case) is used since majority of the original data is above

average.
Upper limit of Fe,O3 = average of the top thirty five = 3.07
Maximum Fe,O3 (daily average) = 2.98
The value to be added = Upper limit of Fe,O3 - Maximum Fe,Oj3 (daily average)
=3.07-2.98
=0.09
Adding this value to the randomly selected dataset gives 24 samples of input data shown in

‘Input-Output (synthesized)’ sheet.
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Generating from kiln meal CaO
Similar to the SiO,, Al,O3 and Fe,O3 cases, the kiln meal CaO data is also randomly selected.

The code used for selection is given below.

///::7% Matlab code to randomly dividing the kiln meal CaO ‘\\\\\

>> x=Cal';
>> [selcV,valV,restV,selcInd,vallnd,restInd]= dividerand(x,0.5,0,0.5);
>> selcInd % gives the indices of the random selection

selcInd =
Columns 1 through 18
3 6 7 8 10 12 14 15 20 21 22 24

26 28 29 30 32 33
Columns 19 through 24

\\ 38 41 43 44 45 48 /

Generating by adding a value (the 5% case) is used since majority of the original data is above

average.
Upper limit of CaO = average of the top thirty five = 43.12
Maximum CaO (daily average) = 42.9
The value to be added = Upper limit of CaO — Maximum CaO (daily average)
=43.12-42.9
=0.22
Adding this value to the randomly selected dataset gives 24 samples of the input data shown in
Input-Output (synthesized) sheet. Therefore, input dataset given in the sheet has a total of 144

samples.
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I1.Output data

Whenever the kiln meal SiO, is used to generate input data, the clinker SiO, composition is
obtained using eq.3.3.12. The remaining clinker oxides (i.e. Al,O3, Fe;,O3 and CaO) take their
original value since only one parameter (SiO,) is varied while the others being constant. When
the other kiln meal oxides (i.e. Al,O3, Fe,O3 and CaO) are used to generate input data, procedure

similar to the SiO, case is followed.

After this the four clinker oxides, corresponding to the input data, are completely obtained. The
output data is generated using egs.3.3.1-3.3.3 and eq.3.3.10. The ‘Input-Output (synthesized)’

sheet gives the input-output dataset prepared for training with intermediate values.

To obtain clinker oxides from kiln meal oxides use the following equations.

(% Cao in kiln meal ) 100

%Ca0 in Clinker = 00 — 3512 e e e.€0.3.3.11

. . ( % SiO, kiln meal ) 100
% Si0, in Clinker = e oee e .. €Q.3.3.12
100 — 39.36

. ) ( % Al, 05 kiln meal ) 100
% Al, 05 in Clinker = e v e €0.3.3.13
100 — 29.95

. . ( % Fe, 05 kiln meal ) 100
% Fe,03 in Clinker = ——m————— . ... eq.3.3.14
100 — 35.31

Thus, finally 144 input-output dataset are prepared using the data synthesis strategy. This dataset
will be used to train neural networks. The next section discusses neural network model selection

and training.
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3.4 Neural network model selection and training

Biological neural systems are the original inspiration for artificial neural networks, which have
been developed as generalization of the mathematical models of human cognition or neural
biology [21,22].

Axon from
Another Neuron
Dendrite Dendrite of
Another Neuron
v
Synaptic
Gap Soma
4
Axon
Synaptic 7
Gap Dendrite of
"Axon from Another Neuron
Another Neuron

Figure 3.4.1: Biological neuron

A neuron with a single scalar input and bias appears on the figure 3.4.2 below. The scalar input p
is transmitted through a connection that multiplies its strength by the scalar weight w to form the
product wp, again a scalar. The scalar bias, b is simply added to the product wp to form the
argument of the transfer function f, which produce the scalar output a. Two or more of such
neurons shown can be combined in a layer, and a particular network could contain one or more

such layers.

Input Neuron with bias
N ™

p.u-'IF nl- nl

N AN J
a=jf(wp+h)
Figure 3.4.2: A neuron with scalar input and bias
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A single layer neural network and its abbreviated notation are shown in figure 3.4.3 below.
Without this abbreviated notation there will be so much detail that the main thoughts tend to be
lost. It is needed to make a distinction between weight matrices that are connected to inputs and
weight matrices that are connected between layers to describe networks having multiple layers.
Weight matrices connected to inputs are called input weights (IW) and weight matrices coming
from layer outputs are called layer weights (LW). Furthermore, superscripts are used to identify
the source (second index) and the destination (first index) for the various weights and other
elements of the network. Thus, this abbreviated notation is used to depict the neural networks

that are used to model the input-output relationship.

Input Layer 1
Input  Layer of Neurons N/ A
r N7 N P al
H a Rx1 1“1'1\ ni Slxll

w

1» f 1’, S'XR @m’ fi

i b 1 o 7
1
R Sx1 !
P, n a, —/ \ J
—» fF—> at = [1(TW1ip +b1)
P
5 l b, : : Figure 3.4.3 (b)
‘[;R H ﬂ'c
» >
’-r’_g Where R is the number of elements in
1 the input vector and S/S* is the number
/U J of neurons in the layer.
a=f(Wp+b)
Figure 3.4.3 (a)

Figure 3.4.3(a): A single layer network and (b): A single layer network with abbreviated network

notation
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3.4.1 Network model, architectures and features

Neural network models are selected to be compared with a proposed benchmark. The benchmark
network is multiple input multiple output (MIMO) feedforward neural network. Using this
benchmark two models are selected. The first one is multiple input single output (MISO)
feedforward neural network. For ease of predicting single output per network than multiples, it is
expected that the model will give better result. The second one is modified EIman network. This
model is chosen because it is derived from one of the most known neural network, its dynamic
nature could fit the delay feature of the kiln system and its strength for complex system modeling
is indicated in some papers [10,18,19]. The model architectures in abbreviated notation are

shown in figures 3.4.4-3.4.6 below.

Input Hidden Layer Qutput Layer
N N N\
p! al 32:&'
I“-'] | —\ m" LWE 1 -\ —b
20x12 W ( ) ne > o
_/ 20x1 7C _/ 1 74
1= b 1= he
20x1
G2 20, Y,
al = tansig IWuip1 + b1) az =purelin (LWzia1+b2)

Figure 3.4.4: The benchmark network (multiple input multiple output feedforward network: 12-
20-4)
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Input Hidden Layer Output Layer
r N N 7 N
al a’=y
I“‘rl.l\ —Pmﬂ LWL’.J\ —>
20x12 n ( ) 0 > .
_/' 20x1 7C _/‘ 1x1 /
bt 1= b

J2 ), 20 , " y,

al = tansig (IW1ip1+ b1) az =purelin (LWzia1+ bz)

Figure 3.4.5: Multiple input single output feedforward network: 12-20-1

Input Laver 1: Hidden laver

—A— — —— —
Pl 1,1 1
12x1 W f ) Lwot
1 20x1
20x12 n (k) =20
20x1 Do/ [afe-yamo
12 j 1x1 / 1x1 Output
— LW =
20 1— b
20x20
1x1 1
1—| bt e gl —
Layver 3: Output layer
20x1
TDL
1
w3t
20x20 z -
xZ + I (1() / a‘(k)

/ 20x1

LW
20x20
TDL 20

1

———
Laver 2: Context layer

Figure 3.4.6: The modified EIman network [10]
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All of the network models share common features on normalization, number of hidden layer

neurons, performance function, training algorithm, generalization and training stopping criteria.

Normalization:

It is important for the data to be normalized. Otherwise important process variables having small
magnitudes will be overshadowed by less important variables having larger magnitudes. Because
of this the MATLAB normalization function ‘mapminmax’ is used to scale, as shown in eq.3.4.1
below, inputs and targets so that they fall in the range [0,1] before a network uses them. It is then
applied in reverse to layer output values before being returned as network output values. Thus,
the normalization effectively becomes a part of the network, just like the network weights and
biases. As a result, the error values in this report are not normalized rather actual. All this makes

the training more efficient.

y= (y max—ymin) * (X — xmin)

- +ymin eg.3.4.1
Xmax— x min

Where
x: the original data
y: the normalized data

Number of hidden layer neurons:

There is no a defined rule to follow while specifying the number of hidden layer neurons. It is
determined after a trial and error procedure to refine a rough selection made by using a rule of
thumb. The employed rule of thumb says the hidden layer neuron should not be greater than
twice the number of inputs. Thus, it is settled that the hidden layer to have twenty neurons. In the
case of modified EIman network the number of neurons in the context layer is twenty because the

hidden and context layers have the same size.
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Performance function:

All of the network models use mean square error (mse) as a performance function.

N N
mse:iZ(ei)Z:iZ(ti 1 K eq.3.4.2
N = N =

Where
ti: target output
ai: network output

N: training data sample size

Generalization:

One of the problems that occur during neural network training is called overfitting. The error on
the training set is driven to a very small value, but when new data is presented to the network the
error is large. The network has memorized the training examples, but it has not learned to

generalize to new situations. Early stopping is the technique that is used to avoid this problem.

In this technique of early stopping, the available data is randomly divided in to three subsets. The
first subset is the training set, which is used for computing the gradient and updating the network
weights and biases. The second subset is the validation set. The error on the validation set is
monitored during the training process. The validation error normally decreases during the initial
phase of training, as does the training set error. However, when the network begins to overfit the
data, the error on the validation set typically begins to rise. When the validation error increases
for more than a specified number of iterations (the default value is used which is five iterations),
the training is stopped, and the weights and biases at the minimum of the validation error are
returned. The third subset is the test set. This subset is not used during training, but it is used to

compare different models. It is also useful to plot the test set error during the training process.
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Therefore, early stopping improves generalization by randomly dividing the data for different
purposes. This technique stops neural network training for network not to further learn training

examples avoiding new situations.

Training function:

The Matlab training function ‘trainscg’ is used to train all of the network models. It is
recommended to be used with networks that have limited data and use early stopping to avoid
overfitting. This function, ‘trainscg’ is the scaled conjugate gradient training algorithm (SCG)

[23].

Training stopping criteria:
The networks are trained according to the following values of training parameters.

Maximum number of epochs to train = 1000
Performance goal (mse) =0

Maximum time to train in seconds = o
Minimum performance gradient = 1e-6

Maximum validation failures =5

Training stops when any of the following conditions occur:
1) The maximum number of epochs (repetitions) is reached.
2) The maximum amount of time has been exceeded.

3) Performance has been minimized to the goal.

4) The performance gradient falls below the minimum.

5) Validation performance has increased more than the maximum validation failures.
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CHAPTER 4
RESULT AND DISCUSSION

4.1 The neural network models result

The MATLAB Neural Network Toolbox is used to create, train and test the neural network
models. This is possible because in the toolbox networks have an object-oriented representation.

The representation allows defining various architectures even complicated ones.

As a means of observing model performance, network output (predicted) versus target output is
plotted for the training and testing sets. This plot gives visual evaluation of how good the
prediction is. Besides, change of network errors from iteration to iteration and the iteration of
best network result is given by a plot labeled as validation performance. Furthermore, training

parameters and mean square errors (actual not normalized) are reported in a tabular form.

In the target versus predicted plot, target values are line connected and predicted values are
shown as point values. The better the prediction, the better the predicted value will follow that of
the target values. This can be easily inspected by visual means. The validation performance plot
shows how the network model performs to avoid overfitting while being trained. After the
network begins to train, the error on the training as well as the validation set will decrease.
However; when the network begins to overfit, the error on the validation set begin to increase. If
the increment is for more than five iterations, the network at the start of rising error value is
returned. This network is the network of best validation performance having weight and bias
value at the iteration the network is returned.

The MATLAB code for the benchmark, MISO and modified Elman network is given in the
appendix. As the codes for each sub models of the MISO are the same except the data used, a
representative code is given. The same is done to the modified Elman. Thus, the codes for lime

saturation factor sub models of the MISO and modified Elman model are given in the appendix.
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4.1.1 The benchmark model

The benchmark model simultaneously predicts all of the output quality parameters. The
MATLAB code for this model is given in appendix II.
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Figure 4.1.1: Target versus predicted value of the benchmark network

Best Walidation Performance is 6.804 at epoch 24

10° F =
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Figure 4.1.2: Validation performance of the benchmark network
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Training parameters

Epoch 31 lterations
Time (sec.) 0:00:01
Performance 5.29

Gradient 1.44
Validation checks 6

Table 4.1.1: Training parameters of the benchmark network

Mean square error

LSF SM AM C3s
Training set 4.4730 0.0560 0.0103 16.6111
Test set 9.0888 0.0459 0.0112 15.6418

Table 4.1.2: Mean square errors of the benchmark network

4.1.2 The multiple input single output (MISO) network model

Lime saturation factor (LSF) sub model:
The MATLAB code for this sub model is given in appendix IlI.

LSF on training set LSF on test set
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Figure 4.1.3: Target versus predicted value of the MISO network. [LSF sub model]
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- Best Walidation Performance is 3.5352 at epoch 15
107 F - - - - T [ p— 3
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Validation |}
Test |
g_ 10°
=
E_ 1
a 10
=
100 C 1 1 1 1 1 1 1 H 1 1 1 n
0 2 4 6 a8 10 12 14 16 18 20
21 Epochs
Figure 4.1.4: Validation performance of the MISO network.
[LSF sub model]
Training parameters
Epoch 21 Iterations
Time (sec.) 0:00:00
Performance 4,01
Gradient 6.08
Validation checks 6

Table 4.1.3: Training parameters of the MISO network.
[LSF sub model]

Mean square error (LSF)

Training set

4.0068

Test set

4.5229

Table 4.1.4: Mean square errors of the MISO network.
[LSF sub model]
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Silica modulus (SM) sub model:

SM on training set

SM on test set
2.4 *  Predicted 25 *  Predicted
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Figure 4.1.5: Target versus predicted value of the MISO network.
[SM sub model]

Best Walidation Performance is 0.0035364 at epoch 34
o

Train
Walidation
Test
------- Best

Mean Squared Error (mse)

Figure 4.1.6: Validation performance of the MISO network.
[SM sub model]
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Training parameters
Epoch 40 Iterations
Time (sec.) 0:00:01
Performance 0.00166
Gradient 0.000831
Validation checks 6

Table 4.1.5: Training parameters of the MISO network.
[SM sub model]
Mean square error (SM)

Training set 0.0017
Test set 0.0039

Table 4.1.6: Mean square errors of the MISO network.
[SM sub model]

Alumina modulus (AM) sub model:
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Figure 4.1.7: Target versus predicted value of the MISO network.
[AM sub model]
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Best Walidation Performance is 0.0019036 at epoch 10
e _ I I I I I : Train h
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------- Best
H
% 107
£
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a 2 4 b a8 10 12 14 16
16 Epochs
Fig.4.1.8: Validation performance of the MISO network.
[AM sub model]
Training parameters
Epoch 16 Iterations
Time (sec.) 0:00:00
Performance 0.00276
Gradient 0.00171
Validation checks 6
Table 4.1.7: Training parameters of the MISO network.
[AM sub model]
Mean square error (AM)
Training set 0.0028
Test set 0.0023

Table 4.1.8: Mean square errors of the MISO network.
[AM sub model]
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Alite (C5S) sub model:

C3S on training set C3S on sample set
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Figure 4.1.9: Target versus predicted value of the MISO network.
[Alite sub model]

Best Walidation Performance is 25. 6783 at epoch 8
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Figure 4.1.10: Validation performance of the MISO network.
[Alite sub model]
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Training parameters

Epoch 14 lterations

Time (sec.) 0:00:00

Performance 17.5

Gradient 11.3

Validation checks 6

Table 4.1.9: Training parameters of the MISO network.
[Alite sub model]
Mean square error (C3S)

Training set 17.5088
Test set 16.8973

Table 4.1.10: Mean square errors of the MISO network.
[Alite sub model]

4.1.3 The modified EIman network model

Lime saturation factor (LSF) sub model:

The MATLAB code for this sub model is given in appendix V.
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Figure 4.1.11: Target versus predicted value of the modified Elman network.
[LSF sub model]
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Best Validation Performance is 7.554 at epoch 18
2z T T T T T
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&
=
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24 Epochs
Figure 4.1.12: Validation performance of the modified EIman network.
[LSF sub model]
Training parameters
Epoch 24 lterations
Time (sec.) 0:00:12
Performance 4.31
Gradient 2.86
Validation checks 6

Table 4.1.11: Training parameters of the modified Elman network.

[LSF sub model]

Mean square error (LSF)

Training set

4.3064

Test set

4.3482

Table 4.1.12: Mean square errors of the modified EIman network.

[LSF sub model]
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Silica modulus (SM) sub model:

SM on training set

SM on test set
25 + Predicted 2.25 +  Predicted
‘ Target I\ A Target
24 22 :
| A
215 1 )
| /1
n | |
7 ] 21 be -
A ] FL
[ [ *
# \jﬁzu * e |
| k |k | |
e 2.05 / A
| | [ ke
X W, = f
| | # o |
A } ‘Hs - R f Js
|1 * |V e\
| ‘ + [\
Ll |
1.95
7 | |
| |
# I ! ‘ 1.9
|
| I8
| |
T i 1.85
¥
I |/
|l |
. 18—+
0 10 20 30 40 50 60 70 80 90 100 ) 5 10 15 20 25
sample points

sample points

Figure 4.1.13: Target versus predicted value of the modified ElIman network.
[SM sub model]

Best Walidation Performance is 0.0019977 at epoch 27
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Figure 4.1.14: Validation performance of the modified ElIman network.
[SM sub model]
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Training parameters
Epoch 33 Iterations
Time (sec.) 0:00:18
Performance 0.00242
Gradient 0.00297
Validation checks 6
Table 4.1.13: Training parameters of the modified EIman network.
[SM sub model]
Mean square error (SM)
Training set 0.0024
Test set 0.0027

Table 4.1.14: Mean square errors of the modified EIman network.
[SM sub model]

Alumina modulus (AM) sub model:
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Figure 4.1.15: Target versus predicted value of the modified EIman network.
[AM sub model]
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Mean Squared Error (mse)

Best Walidation Performance is 0.0027V268 at epoch 45

Train ]
Validation ]
Test
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51 Epochs

Figure 4.1.16: Validation performance of the modified ElIman network.
[AM sub model]

Training parameters

Epoch 51 Iterations
Time (sec.) 0:00:29
Performance 0.000773
Gradient 0.00143
Validation checks 6
Table 4.1.15: Training parameters of the modified Elman network.
[AM sub model]
Mean square error (AM)
Training set 7.7289e-004
Test set 0.0011
Table 4.1.16: Mean square errors of the modified EIman network.
[AM sub model]
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Alite (C;3S) sub model:

C3S on training set C3S on test set
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Figure 4.1.17: Target versus predicted value of the modified ElIman network.
[Alite sub model]

Best Walidation Performance is 18.8743 at epoch 11
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Figure 4.1.18: Validation performance of the modified EIman network.
[Alite sub model]
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Training parameters
Epoch 17 lterations
Time (sec.) 0:00:10
Performance 16.1
Gradient 28.0
Validation checks 6

Table 4.1.17: Training parameters of the modified Elman network.
[Alite sub model]
Mean square error (C3S)

Training set 16.0976
Test set 17.0127

Table 4.1.18: Mean square errors of the modified EIman network.
[Alite sub model]

In all models and sub models, the predicted value follows that of the target one. Visually
inspecting these plots, it look that some models have better predicting performance than others.
Besides, in the validation performance plot, the minimum error on the test set occurs around the
iteration of best validation performance. This point of iteration is marked by a circle. Thus, the

network being retuned at this point will better recognize new instances.

Visual inspection can be satisfactory for first instance information on how good the prediction is.
However, it is difficult to compare multiple models using visual inspection. Thus, the mean
square error (computed on actual values rather than normalized) is used as a means of comparing
one model with the other to get the better one. Section 4.2 below compares and gives
comprehensive summary and discussion on the results of each model and sub model given in this

section.
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4.2 Comparison of the models’ result

The three models, including the benchmark, are compared with each other. The comparison is
based on the mean square error on the test set for the set is not used while training. As a result,
the mean square errors show the predicting performance of the models on new samples that the
models are not trained on before. This performance comparison is presented in graphic and

tabular forms.
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Figure 4.2.1: Mean square error plot of LSF and C3S
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Figure 4.2.2: Mean square error plot of SM and AM
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Lime saturation factor (LSF)
Models MSE LSF value mse
Minimum (min) | Maximum (max) mse(%) = max *100

Benchmark 9.0888 | 90.53 106.88 8.50

Multiple input single output | 4.5229 | 90.53 106.88 4.23

(MISO)

Modified EIman 4.3482 | 90.53 106.88 4.07

Table 4.2.1: Mean square error on lime saturation factor.

Silica modulus (SM)

Models MSE SM value mse
Minimum (min) | Maximum (max) mse(%) = ax *100
Benchmark 0.0459 | 1.61 2.33 1.97
Multiple input single output | 0.0039 | 1.61 2.33 0.17
(MISO)
Modified Elman 0.0027 | 1.61 2.33 0.12
Table 4.2.2: Mean square error on silica modulus.
Alumina modulus (AM)
Models MSE AM value mse
Minimum (min) | Maximum (max) mse(%) = ax *100
Benchmark 0.0112 | 1.38 1.72 0.65
Multiple input single output | 0.0023 | 1.38 1.72 0.13
(MISO)
Modified Elman 0.0011 | 1.38 1.72 0.06

Table 4.2.3: Mean square error on alumina modulus.

Alite (C3S)
Models MSE CsS value mse
Minimum (min) | Maximum (max) mse(%) = max *100
Benchmark 15.6418 | 44.72 79.60 19.65
Multiple input single output | 16.8973 | 44.72 79.60 21.23
(MISO)
Modified EIman 17.0127 | 44.72 79.60 21.37

Table 4.2.4: Mean square error on alite.
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As can be seen from the above figures, figures 4.2.1 and figures 4.2.2, except for alite prediction,
both multiple input single output (MISO) and modified ElIman models have smaller mean square
errors compared to the benchmark. Furthermore, the modified ElIman model is generally superior
in performance compared to the multiple input single output (MISO) model.

The above tables of comparison, table 4.2.2-4.2.4, show that the mean square errors of all the
models on alite prediction are large. These errors are above nineteen percentage of the maximum
alite value in the data. However, the mean square error while predicting the remaining three
parameters, i.e. LSF, SM and AM, is comparatively smaller. This shows all of the three models
are not good at predicting the alite value. As a result, an improvement on alite prediction is

required.

4.3 The improvement on alite prediction

The improvement on alite prediction is achieved by predicting clinker oxides first and then
calculating alite value using the multiple regression model developed, which is given by
eq.3.3.10. This improvement is a simple rearrangement that rather than predicting the alite value
directly, clinker oxides are predicted. These predicted values are used by the multiple regression
model, which is now part of the improved alite predicting model, to calculate the alite value. As
shown in the figure 4.3.4 below, the improved model’s mean square error is smaller compared
with the others. As can be seen form figure 4.3.3, the improvement reduces the error from above
fifteen to around ten. The MATLAB code for this sub model is given in appendix V.

Input Hidden Layer Output Layer
' N 7 N 7 M
al azav
LWz P "
- fmu\ n2 The """“"_t'p'e Alite {C35)
- regression L__
i IR e o I
2
20x1
22 20, J
a! = tansig (IWuLip1 + b1) az =purelin (LWz1a1+bz)

Figure 4.3.1: The improved alite predicting model
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Figure 4.3.2: Target versus predicted value of the improved alite predicting model

Best WValidation Performance is 0.12684 at epoch 33
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Figure 4.3.3: Validation performance of the improved alite predicting model
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Training parameters
Epoch 39 Iterations
Time (sec.) 0:00:00
Performance 0.0803
Gradient 0.0279
Validation checks 6
Table 4.3.1: Training parameters of the improved alite predicting model.
Mean square error (C3S)
Training set 15.3756
Test set 10.8759
Table 4.3.2: Mean square errors of the improved alite predicting model.
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Figure 4.3.4: Mean square error plot of alite
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CHAPTER 5
CONCLUSION AND RECOMMENDATION

5.1 Conclusion

In this thesis a neural network based data driven clinker quality predictor is developed taking
Mugher cement factory as a case study. This predictor is developed through the steps of studying
cement production in the selected case, collecting and preprocessing historical data, synthesizing

artificial data, neural network model selection and finally training the network models.

Three neural network based models are used and compared and a fourth one is developed as an
improvement. These models are the benchmark network, the multiple input single output (MISO)
network, the modified Elman network and the improved alite predicting model. The clinker
quality parameter predicting neural network models, developed in this thesis, are given in the CD

named ‘auxiliary’.

The modified EIman network is best compared to the benchmark and multiple input single output
(MISO) model in predicting LSF, SM and AM. However, the above mentioned models are
involved with large mean square error while predicting alite. Therefore, an improved alite
predicting model is developed. As a result, LSF (MSE=4.3482), SM (MSE=0.0027) and AM
(MSE=0.0011) are better predicted by the modified EIman network and better prediction of alite
(MSE=10.8759) is produced by the improved alite predicting model.

In conclusion, the predictor developed by this thesis can become an asset to the factory for
estimating LSF, SM, AM and C3S values of clinker. This will avoid measurement delays in the
laboratory analysis or X-Ray Fluorescence technique. As a result, quick control action can be

taken which in turn contributes to quality improvement.
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5.2 Recommendation

It is recommended that the developed predictor can be further improved if the following
upgrading can be achieved. First it is recommended to use larger historical process data. Besides,
analyzing the actual economic gain of the quality improvement due to the predictor will make
this thesis work astonishing. Furthermore, more complicated neural network structures can be
employed as required. However, it will be difficult for all these enhancements to take effect
unless Mugher cement factory digitalized all of the historical data, including operating
parameters. Then after, the synthesized data used in this thesis can be removed and replaced by
many actual input-output data pairs. This will make easy to train the network and the model can
learn many features. | also recommend that, with these upgrading the thesis to be enriched as a
bilateral work in association with Mugher cement factory.
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GLOSSARY

Cement: Cement is a material made by heating a mixture of limestone and clay in a kiln at about

1450°C, then grinding to fine powder with a small addition of gypsum.

Clinker: Clinker is a nodular material that is ground up with gypsum to make cement. The

nodules can be anything from 1mm to 25mm in diameter.

Free lime/ free CaO: It is unreacted CaO present in the clinker.

Induced draft (ID) fan: It is the fan that is installed in the cement production process to drive

the gas stream movements.

Kiln meal: Kiln meal is the proportioned and homogenized raw material to be burned. When it is
used as a rate variable, it is the rate of flow of the raw material.

Kiln meal variables: Kiln meal variable are variables that give the percentage by weight of the

oxides in the kiln meal.

Kiln speed: Kiln speed is the angular speed of the rotary kiln.

Operating parameters: Operating parameters are those parameters which are manipulated,

directly or indirectly, while producing clinker.

Precalciner: A precalciner is a furnace chamber introduced into the preheater into which 50-

65% of the total amount of fuel is introduced.

Preheater: A preheater is a heat exchanger, usually of a type called a suspension preheater in
which the moving powder of raw material is dispersed in a stream of hot gas coming
from the kiln. The raw material leaves the preheater section at a temperature of about
800°C.

Quantity of oil before calciner burner: It is the rate of flow of oil in to the calciner burner.

Quantity of oil before kiln burner: It is the rate of flow of oil in to the kiln burner.

Rotary kiln: Rotary kiln is a tube made from steel plate, and lined with firebrick. The tube

slopes slightly (1-4°) and slowly rotates on its axis at between 30 and 250

revolutions per hour
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Soft sensors: sensors are predictive models. The term soft sensor is a combination of the words
software, because the models are computer programs, and sensors, because the
models deliver information similar to their hardware counterparts

X-ray fluorescence technique: This technique use electromagnetic radiation to analyze material

composition in cement factory.
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APPENDIX |

Cement chemistry notation

Cement chemists use a form of notation which at first sight may seem a little odd. Oxides are
referred to by their first letter: ‘C’ represents CaO, ‘M’ is MgO and so on; for all the oxides

likely to be encountered in cementitious systems are shown in Appendix table 1 below.

List no. Notation Oxides
1 C CaOo
2 S SiO,
3 A Al,O3
4 F Fe.0s
5 K K,0
6 N Na,O
7 M MgO
8 T TiO;
9 H H,0
10 S SO,
11 C CO;

Appendix table 1: Cement chemistry notation
‘Normal chemists’ unfamiliar with this notation may find it strange to use ‘C’ to represent
calcium oxide, rather than carbon, but there is a point to all this. It shortens what are otherwise
very long, for example:
Tetracalcium aluminoferrite: 2(Ca,AlFeOs) is 4 CaO.Al,03.Fe;O3; the compound becomes

C,AF when it get shortened.
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Appendix 11
MATLAB code for the Benchmark Model

% THE BENCHMARK NETWORK (MULTIPLE INPUT MULTIPLE OUTPUT FEEDFORWARD
% NETWORK:12-20-4)

% Loading the data

load C:\Users\mhr\Documents\MATLAB\thesis\networks\benchmark\datal44ALL
% Write the actual path of the file used for training (datal44ALL)
% using some of the inputs as an example
eg_myInputl44=myInputld4(:,1:3);

% using some of the outputs as an example
eg_myOutputl44= myOutputld4(:,1:3);

% Network definition

net=network;

% Architecture properties

net.numInputs=1;

net.numLayers=2;

net.biasConnect=[1;1];
net.inputConnect=[1;0];

net.layerConnect=[0 0 ;1 0];
net.outputConnect=[0 1];

% Subobject properties
net.inputs{1}.exampleInput=eg myInputl44;
net.inputs{1}.processFcns={"mapminmax'};
net.inputs{1}.processParams{1}.ymin=0;
net.inputs{1}.processParams{1}.ymax=1;
net.layers{1}.size=20;
net.layers{1}.transferFcn="tansig’;
net.layers{1}.initFcn="initnw";
net.layers{2}.initFcn="initnw";
net.outputs{2}.exampleOutput=eg_myOutputld4;
net.outputs{2}.processFcns={"mapminmax'};
net.outputs{1l}.processParams{1}.ymin=0;
net.outputs{1l}.processParams{1}.ymax=1;

% Network fnctions

net.initFcn = ‘'initlay’;
net.performFcn = 'mse’;
net.trainFcn="trainscg';
net.divideFcn = ‘'dividerand’;

net.divideParam.trainRatio=0.7;
net.divideParam.valRatio=0.15;

net.divideParam.testRatio=0.15;
net.plotFcns = {'plotperform'};
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% Network behavior

% initialization
net=init(net);

% trainning
[net,tr]=train(net,myInputl44,myOutputlss);
% simulation on the training set
y= sim(net,myInputl44(:,tr.trainInd));
y=y';
myOutput144Tr=myOutputld4(:,tr.trainInd)'; % training set target values
% LSF plot on training set
subplot(4,2,1);
plot(y(:,1), " *r")

title('LSF on training set')
xlabel('sample points"')
ylabel('LSF")

grid on

hold on
plot(myOutputl144Tr(:,1))

% SM plot on training set
subplot(4,2,3);
plot(y(:,2), " *r")

title('SM on training set')
xlabel('sample points"')
ylabel('SM")

grid on

hold on
plot(myOutputl44Tr(:,2))

% AM plot on training set
subplot(4,2,5);
plot(y(:,3), " *r")

title('AM on training set')
xlabel('sample points')
ylabel('AM")

grid on

hold on
plot(myOutputl44Tr(:,3))

% C3S plot on the training set
subplot(4,2,7);
plot(y(:,4)," *r")

title('C3S on training set')
xlabel('sample points')
ylabel('C3S")

grid on

hold on
plot(myOutputl44Tr(:,4))

% simulation on test set
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test=sim(net,myInputld4(:,tr.testInd));
test=test’';
myOutputTest=myOutputl44(:,tr.testInd)’'; % test set target values
% LSF plot (on test)
subplot(4,2,2);
plot(test(:,1), "*r")

title('LSF on test set')
xlabel('sample points')
ylabel('LSF")

grid on

hold on

plot(myOutputTest(:,1))

% SM plot (on test)
subplot(4,2,4);
plot(test(:,2), "*r")

title('SM on test set')
xlabel('sample points"')
ylabel('SM")

grid on

hold on

plot(myOutputTest(:,2))

% AM plot (on test)
subplot(4,2,6);
plot(test(:,3), '*r")

title('AM on test set')
xlabel('sample points')
ylabel('AM")

grid on

hold on

plot(myOutputTest(:,3))

% C3S plot (on test)
subplot(4,2,8);
plot(test(:,4), *r")

title('C3S on test set')
xlabel('sample points')
ylabel('C3S")

grid on

hold on

plot(myOutputTest(:,4))

% mse calculation (on trainig data set)
eLSF=(y(:,1)-myOutputl44Tr(:,1));
mseLSF=mse(elLSF);
eSM=(y(:,2)-myOutputlddTr(:,2));
mseSM=mse(eSM) ;
eAM=(y(:,3)-myOutputl44Tr(:,3));
mseAM=mse (eAM) ;
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eC3S=(y(:,4)-myOutputld4d4Tr(:,4));

mseC3S=mse(eC3S);

% mse calculation (on test data set)

Test _elLSF=(test(:,1)-myOutputTest(:,1));

Test _mselLSF=mse(Test_eLSF);
Test_eSM=(test(:,2)-myOutputTest(:,2));

Test _mseSM=mse(Test_eSM);

Test _eAM=(test(:,3)-myOutputTest(:,3));
Test_mseAM=mse(Test_eAM);

Test _eC3S=(test(:,4)-myOutputTest(:,4));

Test _mseC3S=mse(Test_eC3S);

varbl=['LSF(tr/ts)" 'SM(tr/ts)"' 'AM(tr/ts)' 'C3S(tr/ts)']
mse=[mseLSF mseSM mseAM mseC3S;Test mselLSF Test mseSM Test mseAM Test mseC3S]
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Appendix 11
MATLAB code for the lime saturation factor sub
model of the MISO case

% MULTIPLE INPUT SINGLE OUTPUT (MISO) FEEDFORWARD NETWORK
% Lime Saturation Factor (LSF) sub model
% Loading the data

load C:\Users\mhr\Documents\MATLAB\thesis\networks\MISO\LSF\datal44LSF
% Write the actual path of the file used for training (datal44LSF)
% auxiliary

% using some of the inputs as an example
eg_myInputl44=myInputld4(:,1:3);

% using some of the outputs as an example
eg LSF144= LSF144(:,1:3);

% Network definition

net=network;

% Architecture properties
net.numInputs=1;

net.numLayers=2;

net.biasConnect=[1;1];
net.inputConnect=[1;0];
net.layerConnect=[0 0 ;1 0];
net.outputConnect=[0 1];

% Subobject properties
net.inputs{1}.exampleInput=eg myInputl44;
net.inputs{1}.processFcns={"mapminmax'};
net.inputs{1}.processParams{1}.ymin=0;
net.inputs{1}.processParams{1}.ymax=1;
net.layers{1l}.size=20;
net.layers{1}.transferFcn="tansig’;
net.layers{1}.initFcn="initnw";
net.layers{2}.initFcn="initnw";
net.outputs{2}.exampleOutput=eg LSF144;
net.outputs{2}.processFcns={"'mapminmax'};
net.outputs{1l}.processParams{1}.ymin=0;
net.outputs{1l}.processParams{1}.ymax=1;

% Network fnctions

net.initFcn = 'initlay’;

net.performFcn = 'mse’;
net.trainFcn="trainscg';

% generalization
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net.divideFcn = ‘'dividerand’;
net.divideParam.trainRatio=0.7;
net.divideParam.valRatio=0.15;
net.divideParam.testRatio=0.15;
net.plotFcns = {'plotperform"};
% Network behavior

% initialization

net=init(net);

% trainning
[net,tr]=train(net,myInputl44,LSF144);
% simulation on the training set
y= sim(net,myInputl44(:,tr.trainInd));
subplot(1,2,1);

plot(y, "*r")

title('LSF on training set')
xlabel('sample points')
ylabel('LSF")

hold on

grid on
plot(LSF144(tr.trainInd))

% simulation on test set
test=sim(net,myInputld44(:,tr.testInd));
subplot(1,2,2);

plot(test, "*r')

title('LSF on test set')
xlabel('sample points')
ylabel('LSF")

grid on

hold on

plot(LSF144(tr.testInd))

% mse calculation
el=(y-LSF144(tr.trainInd))"’;
e2=(test-LSF144(tr.testInd))"’;
mse_train=mse(el)
mse_test=mse(e2)
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Appendix IV
MATLAB code for the lime saturation factor sub

model of the modified EIman case

% MODIFIED ELMAN NEURAL NETWORK

% Lime Saturation Factor (LSF) sub model
% Loading the data

load C:\Users\mhr\Documents\MATLAB\thesis\networks\mElman\LSF\datal44LSF
% Write the actual path of the file used for training (datal44LSF)
% auxiliary

% using some of the inputs as an example
eg_myInputl44=myInputld4(:,1:3);

% using some of the outputs as an example
eg LSF144= LSF144(:,1:3);

% Network definition

net=network;

% Architecture properties
net.numInputs=1;

net.numLayers=3;

net.biasConnect=[1;0;1];
net.inputConnect=[1;0;0];
net.layerConnect=[0 1 0;1 1 0;1 0 9];
net.outputConnect=[0 0 1];

% Subobject properties
net.inputs{1}.exampleInput=eg myInputl44;
net.outputs{1l}.processParams{1}.ymin=0;
net.outputs{1l}.processParams{1}.ymax=1;
net.inputs{1}.processFcns={"mapminmax'};
net.layers{1l}.size=20;
net.layers{1}.transferFcn="tansig’;
net.layers{1}.initFcn="initnw";
net.layers{2}.size=20;
net.layers{2}.initFcn="initnw";
net.layers{3}.initFcn="initnw";
net.outputs{3}.exampleOutput=eg LSF144;
net.outputs{3}.processFcns={"'mapminmax"'};
net.outputs{1l}.processParams{1}.ymin=0;
net.outputs{1l}.processParams{1}.ymax=1;
net.layerWeights{2,1}.delays=1;
net.layerWeights{2,1}.1learn=0;
net.layerWeights{2,2}.delays=1;
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net.layerWeights{2,2}.1learn=0;
% Network fnctions

net.initFcn = 'initlay';
net.performFcn = 'mse’;
net.trainFcn="trainscg';

% generalization

net.divideFcn = ‘'dividerand’;
net.divideParam.trainRatio=0.7;
net.divideParam.valRatio=0.15;
net.divideParam.testRatio=0.15;
net.plotFcns = {'plotperform"};
% Network behavior

% initialization

net=init(net);

% trainning
[net,tr]=train(net,myInputl44,LSF144);
% simulation on the training set
y= sim(net,myInputl44(:,tr.trainInd));
subplot(1,2,1);

%plot(y{1,1})

plot(y, "*r")

title('LSF on training set')
xlabel('sample points"')
ylabel('LSF")

grid on

hold on
plot(LSF144(tr.trainInd))

% simulation on test set
test=sim(net,myInputld4(:,tr.testInd));
subplot(1,2,2);

plot(test, "*r')

title('LFS on test set')
xlabel('sample points')
ylabel('LSF")

grid on

hold on
plot(LSF144(tr.testInd))

% mse calculation
el=(y-LSF144(tr.trainInd))"’;
e2=(test-LSF144(tr.testInd))"’;
mse_train=mse(el)
mse_test=mse(e2)
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Appendix V
MATLAB code for the improvement alite (CsS)

prediction sub model

%IMPROVED ALITE PREDICTING MODEL

%THE NETWORK DIRECTLY MODELS INPUT-CLINKER OXIDE R/N NOT INPUT-ALITE R/N
% Loading the data

load C:\Users\mhr\Documents\MATLAB\thesis\networks\imprvdAlite\datal440xide
% Write the actual path of the file used for training (datal440xide)
% auxiliary

% using some of the inputs as an example
eg_myInputl44=myInputld4(:,1:3);

% using some of the outputs as an example
eg_myOutputl440xide= myOutputl440xide(:,1:3);

% Network definition

net=network;

% Architecture properties

net.numInputs=1;

net.numLayers=2;

net.biasConnect=[1;1];

net.inputConnect=[1;0];

net.layerConnect=[0 0 ;1 0];

net.outputConnect=[0 1];

% Subobject properties
net.inputs{1}.exampleInput=eg myInputl44;
net.inputs{1}.processFcns={"mapminmax'};
net.inputs{1}.processParams{1}.ymin=0;
net.inputs{1}.processParams{1}.ymax=1;
net.layers{1l}.size=20;
net.layers{1}.transferFcn="tansig’;
net.layers{1}.initFcn="initnw";
net.layers{2}.initFcn="initnw";
net.outputs{2}.exampleOutput=eg_myOutputld40xide;
net.outputs{2}.processFcns={"'mapminmax'};
net.outputs{1l}.processParams{1}.ymin=0;
net.outputs{1l}.processParams{1}.ymax=1;

% Network fnctions

net.initFcn = 'initlay’;

net.performFcn = 'mse’;

net.trainFcn="trainscg';

%generalization
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net.divideFcn = ‘'dividerand’;
net.divideParam.trainRatio=0.7;
net.divideParam.valRatio=0.15;
net.divideParam.testRatio=0.15;
net.plotFcns = {'plotperform"};

% Network behavior

% initialization

net=init(net);

% trainning
[net,tr]=train(net,myInputl44,myOutputl440xide);
% simulation on the training set

y= sim(net,myInputl44(:,tr.trainInd));
y=-38.2749+4.3795%y(4,:)-7.0331*y(1,:)-8.0014*y(2,:)+1.0512*y(3,:);
subplot(1,2,1);

plot(y, "*r")

title('C3S on training set')
xlabel('sample points"')

ylabel('C3S")

grid on

hold on

plot(actual C3S(tr.trainInd))

% simulation on test set
test=sim(net,myInputl44(:,tr.testInd));
test=-38.2749+4.3795*test(4, : )-7.0331*test(1,:)-
8.0014*test(2,:)+1.0512*test(3,:);
subplot(1,2,2);

plot(test, '*r')

title('C3S on sample set')
xlabel('sample points')

ylabel('C3S")

grid on

hold on

plot(actual C3S(tr.testInd))

% mse calculation

el=(y-actual C3S(tr.trainInd))’;
e2=(test-actual C3S(tr.testInd))’;
mse_train=mse(el)

mse_test=mse(e2)
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Appendix VI

Picture of a typical log sheet
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