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ABSTRACT

USING ARTIFICIAL INTELLIGENCE METHODS TO IMPROVE
THE PREDICTION RATE AND ACCURACY

Shuaibt, Noor Hasan Mohsin

M.Sc., Electrical and Computer Engineering, Altinbas University,
Supervisor: Prof. Dr. Osman Nuri UCAN
Date: 20/05/2022.

Page: 56

The Extreme Learning Machine (ELM) is a single-hidden-layer feed forward neural network
that starts the weights for the connections between the input and hidden layer, as well as the
hidden layer bias, at random. There are several hidden layers and two secret layers. When
applied to the same data set, ELMs have incorporated several improvements, such as
preserving the randomly generated weights and biases and increasing the number of hidden
layers. Within the ELM architecture, a greedy algorithm is also developed to penetrate sparse
methods and provides an improvement over conventional. This research examines the testing
accuracy of four ELM algorithms: three regular ELM algorithms and a greedy single hidden
layer ELM, all of which are used to discover classification faults on three datasets. According
to the findings of the studies, the greedy Extreme Learning Machine algorithm has a high

prediction rate and a decent prediction accuracy.

Keywords: Extreme Learning Machine, Sparse ELM, Artificial Neural Network,

Classification
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1. INTRODUCTION

1.1 BACKGROUND

Artificial Intelligence (Al) fields have been a trend in the recent years because of the
development of humanity in multi direction and specially technology. Machine Learning
under Al umbrella has grabbed attention to bring machines to act smart and learn.

Machine learning is the part of artificial intelligence that is focused on real life problems. It
provides chance for the machine to learn based of a training data set and developed an
artificial model to predict probabilities, classify outputs based on specific features and solve
regression problems [1]. Artificial Neural Networks (ANN) is a set of algorithms that is used
in machine learning to develop models using graphs of neurons which is derived from real
human neurons idea of activating 2 neurons using the links between them. Multiple machine
learning algorithms were established based on ANNSs such as learning rules varies from
backpropagation by taking the error (loss) obtained in proceeding iteration and feed it in to
the new iteration to get closer to target output. Feed forward neural networks are the type of
nets where information is feeding only in one direction, from input nodes toward outputs
through hidden nodes in between and no iterations are adopted here.

The goal of supervised machine learning is to find meaning in labelled training data using a
collection of training examples. The required outcomes for either regression or classification
tasks are included in these training examples. When it comes to supervised learning, each
example is a pillar with input features/attributes and a predetermined output value.

In order to map new inputs/outputs pairings, the supervised learning algorithm first analyzes
the training data and generates a dependent function. A threshold setting may smooth the
algorithm, enabling it to precisely determine the class labels for scanned instances, and the
supervised learning approach must reduce from the training data in order to cover states in a
balanced manner

the supervised methods are used. Extreme learning machine has taken our attention since is
its release on 2004 [2] specially after multi enhancements approaches to extra hidden layers.
Furthermore, Sparsity approaches have attracted our attention and integrating its results with
extreme machine learning have become our direction of research. Real time learning has
been a direction of multiple researches to target fast learning for machine learning

algorithms.



1.2 PURPOSE OF THESIS

The goal of this research examines the testing accuracy of four ELM algorithms: three
regular ELM algorithms and a greedy single hidden layer ELM, all of which are used to
discover classification faults on three datasets. According to the findings of the studies, the
greedy Extreme Learning Machine algorithm has a high prediction rate and a decent

prediction accuracy.

1.3 IMPORTANCE OF THE THESIS

The use of attribute choice aids in improving the performance of algorithms. These methods
can be used in a wide range of applications, ranging from the financial to the health domains,
and passing through any realm where machine learning or dealing with large amounts of

data has become necessary. The following sections make up this study:

The second chapter of this work will describe the review of the related works.
Chapter three explains the purpose of this work.

Chapter four provides the result of work.

Chapter five is the conclusion and recommendation.



2. LITERATURE REVIEW

In the literature review section, collection of most relevant and significant researches and
studies will be presented from various topics related to this thesis topic, Sparse Extreme
Learning Marching for Classification. These are related to machine learning algorithms and
especially extreme (ELM) and some of its enhancements by various of researches. Focusing
on the classification problems and trying to reach highest accuracy, all algorithms and
researches tried to put extra features and /or change the structure of the machine learning

algorithms.

Literature review section includes general information about machine learning and focuses

on 4 types of machine learning algorithms as neural networks.

2.1 MACHINE LEARNING - ML

Machine learning is the part of artificial intelligence that is focused on real life problems. It
provides chance for the machine to learn based of a training data set and developed an
artificial model to predict probabilities, classify outputs based on specific features and solve
regression problems. Artificial Neural Networks ANN [1], is a set of algorithms that is used
in machine learning to develop models using graphs of neurons which is derived from real
human neurons idea of activating 2 neurons using the links between them. Multiple machine
learning algorithms were established based on ANNSs such as learning rules varies from
backpropagation by taking the error (loss) obtained in proceeding iteration and feed it in to
the new iteration to get closer to target output. Feed forward neural networks are the type of
nets where information is feeding only in one direction, from input nodes toward outputs
through hidden nodes in between and no iterations are adopted here.

Machine learning is a kind of artificial intelligence (Al) that enables computers to be taught
on problem-solving without having to be explicitly programmed. ML. Machine learning
algorithms are divided into three categories: supervised learning, unsupervised learning, and
reinforcement learning, as illustrated in Figure 2.1. [3]. Machine learning is similar to data
mining in terms of its development. Both data mining and machine learning use end-to-end
data to reflect or discover trends in order to create assumptions. Machine learning, on the

other hand, harvests possibilities from data to detect outlines/patterns in data and fine-tune



program operations in situations of collecting data for personal knowledge and data mining

applications.

[ Machine Learning ]

’ "
X X

[ Supervised Learning ] [ Unsupervised Learning ] ( Reinforcement Learning ]

] .
{ Classification ][ Regression ] [ Clustering ] [DecisionMaking]
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Figure 2. 1: Classification of Machine learning [3]

The goal of supervised machine learning is to find meaning in labelled training data using a
collection of training examples. The required outcomes for either regression or classification
tasks are included in these training examples. When it comes to supervised learning, each
example is a pillar with input features/attributes and a predetermined output value.

In order to map new inputs/outputs pairings, the supervised learning algorithm first analyzes
the training data and generates a dependent function. A threshold setting may smooth the
algorithm, enabling it to precisely determine the class labels for scanned instances, and the
supervised learning approach must reduce from the training data in order to cover states in a

balanced manner the supervised methods are used.

Advertising, economics, engineering, testing, stock market prediction, and other sectors are

just a few examples.



Furthermore, there are couple steps that Supervised Machine Learning Algorithms [3] follow
in general:

Step 1: Identify the types of training datasets: the user may need to modify the type(s) of
input and/or data used as a training set.

Step 2: Create a training set to delegate the function's real-world use. As a consequence of
this work, a set of input attributes as well as corresponding outputs has been established.
Step 3: Resolve the learned function / learned feature's input attribute design. The input
representation is intimately linked to the trained function's accuracy.

Step 4: Decide on the structure of the learnt function and a machine learning method that is
equivalent;

Step 5: Merge the designs and use the training data to run the learning algorithm.

Step 6: Assess the learnt function's precision and accuracy. The parameters are then
monitored, and learning may be done on the resultant function. This should also be done on
a test dataset that is not the same as the training dataset.

Step 7: Time performance could be calculated when applying the training and while doing
the testing. Training and testing times can be a factor when comparing multiple machine

learning algorithms.

There are multiple factors to be considered when machine learning algorithms are studied:

l. Data diverseness: when the features contain various data types which includes
separate, discrete ordered, totals and continuous decimal values, many methods are
more straightforward to implement than others. Many of these techniques,
including linear regression, logistic regression, artificial neural networks, Support
Vector Machines, and closest neighbor approaches, need numerical input
attributes/features with comparable ranges.

Il. Information loss: This occurs when his input characteristics include extraneous
data. Learning algorithms may sometimes perform poorly owing to numerical
flaws. Such problems in research might be solved by doing certain pre-processing
operations on the dataset, such as normalization.

Non-linearity and interactions: this scenario occur when input attributes make If the output
plays an independent role, then methods based on linear / distance functions are usually
appropriate. When there are complicated relationship between characteristics, on the other



hand, certain algorithms perform better in terms of accuracy since they are designed to detect
these relationships.

The extreme neural network is a well-known upgrade to the feed forward neural network,
and it is the focus of this research.

The sections that follow highlight relevant work in the field of supervised machine learning.

2.1.1 Related Research

The decision tree and the supper vector machine are examined in the context of supervised
machine learning.

To begin, Lertworaprachaya et al. developed a new method for creating decision trees that
uses interval-valued fuzzy membership values [4]. In general, most fuzzy decision trees do
not take linked values into account when determining membership; nevertheless, correct
values for fuzzy membership values are not always feasible. As a consequence, the authors
employed the look-ahead fuzzy decision tree induction technique to create decision trees,
defining fuzzy membership values as the distance to the model in question. The authors also
employed fuzzy sets to evaluate the worth of different neighborhood values and to create a
new parameter that is severe to exact data sets. To show the model's effectiveness, several
instances are provided.

Bunsen et al. have also developed an example-dependent cost-sensitive decision tree
technique, which incorporates various example-dependent costs into a proposed cost-based
impurity measure and a novel cost-based pruning mechanism [5]. Following that, utilizing
three distinct databases and three real-world examples, like as

The authors examined their suggested strategy by looking at credit card fraud detection,
credit scoring, and direct marketing. Their findings revealed that their proposed algorithm is
the top performer across all datasets analyzed. Furthermore, when compared to a traditional
decision tree, their proposal has significantly reduced tree size while having an outstanding
performance weighted by cost reserves, resulting in a model that not only has more business-
oriented outcomes but also has simpler designs that are easier to understand.

Using fuzzy decision trees for prediction of learning themes in conversational intelligent
training systems has been presented by [6]. Predicting learning style is accepted by locking
independent performance parameter during the teaching reflection with the peak value
variable. They recognize that their strategy has a flaw in that it ignores the relationships

between behavior parameters, and that tiny changes in behavior might lead to unfitting



assumptions owing to the uncertainty inherent in modeling learning approaches. Following
that, the student is presented with supervisory information that is unrelated to their learning
objectives. As a result of the aforementioned issues, a novel technique has been developed
that use fuzzy decision trees to generate a series of fuzzy predictive representations linking
these factors for all scopes/dimensions of the Felder Silverman Learning Styles model.
According to their results and the use of live data, the fuzzy models improved predictability
across four learning themes dimensions and enabled the identification of certain thought-
provoking linkages among behavior features.

Second, traditional organizational classification approaches, such as support vector
machines, lack a sense of balance for intra-class and inter-class linkages in structural
information. Chen et al. proposed the SNPSVM, a structural none-parallel support vector
machine that blends structural data with nonparallel support vector machine (NPSVM) [7].
All models are scrutinized inside SNPSVM, not only for structural information awareness
in both categories, but also for the ability to be fixed across categories. As a consequence, it
may be possible to completely investigate prior data in order to immediately get the
generalization size of the approaches. They also upgraded SNPSVM to employ improved
Alternating Direction Multiplier Design (ADMM). Their model, as well as the manner of
resolution, ensure that it will most likely work.

With a huge number of occurrences and characteristics, large-scale categorization problems
arise. Based on time performance and accuracy, their experimental results suggest that the
proposed SNPSVM outperforms other current techniques perspectives.

The Linear kernel support vector machine (SVM) was presented by Peng et al. as a
regularized least-squares (RLS) problem [8]. An equation that includes the error vector to
the indicator values has been used to define the solution for this RLS. After the training
dataset has been segmented, the SVM weights and direction are described meticulously
using the support vectors. They've also noticed how their method logically extends to non-
linear kernel calculations while avoiding the need of Lagrange multipliers and the duality
idea. A fast-constant solution method based on Cholesky breakdown with support vector
adjustments is offered as a solution. Using a basic example that can be embellished visually,
the parameters of their recommended SVM architecture were evaluated and correlated with
popular SVMs.



To test the accuracy and behavior of their proposed approach, they employed a set of public
benchmarking tasks for both linear and nonlinear SVMs.

In 2016, Utkin and Zhuk introduced a new idea. It includes a well-known one-class
classification support vector machine (OCC SVM) that interacts with interval-valued or set-
valued training datasets [9]. They proposed a unique representation for all distances in the
training dataset. This representation consists of a pre-determined set of explicit data with
estimated weights. Their representation is based on the idea of replacing the interval-valued
familiar risk provided by fresh interval-valued data with the interval-valued expected risk
created by ambiguous weights or lists of weights. Furthermore, the ambiguous weight or
probabilistic uncertainty replaces the interval matter. They demonstrated how inaccurate
weight limitations be merged into dual quadratic programming issues that may be seen as an
enlargement of the well-known OCC SVM models. The authors created their model and
tested its parameters using numerical examples with both fake and genuine interval-valued

training.

2.2 EXTREME LEARNING MACHINE - ELM

ELM is a feedforward neural network with a single hidden layer that promises to solve the
issue of sluggish gradient-based learning techniques [2]. Using the Moore-Penrose (MP)
inverse and the lowest norm least-squares solution to a generic linear system, and relying on
the biological reasoning that "there must be certain areas of the brain whose neuron
configurations are independent of the external environment."

The three layers of a single hidden layer feed forward neural network (SLFNs) ELM are
shown in Figure 2.2. Consider N arbitrary input-target samples (xi, ti) where 1 = 1,2,3,..., N
where(xi, ti) where 1 = 1,2,3,..., N where(xi, ti) where 1 = 1,2,3,..., N where(xi, ti) where | =
1,2,3,..., N where(xi, ti) where I =1,2,3,..., N where(xi, t Specifically, there is an input matrix
X =[x1, x2, x3,..., XN]T and a desired target matrix T = [t1, t2, t3,..., tN]T, where xi, ti are
vectors Xi = [xil, xi2, xi3,..., xin] T Rn, with ti = [ti1, ti2, ti3,..., tim] [] T Rm, T Rm, T Rm,
T Rm, T Rm, T The parameters n and m are the dimensions of the input and output matrices,
respectively. For example, n is the number of input characteristics and m is the number of

target outputs.



Input layer Single-hidden layer Output layer

Figure 2. 2: Input, hidden, output layers of ELM

Between the input and hidden layers, ELM applies random weights and biases. W = [W1,
W2, W3, Wj] TRLNn, B=[B1,B2,B3,BL]TRLn, TRLNn, TRLN, TRLN, TRLN, TRL
n, TRLRLNRLNRLNRLNRLNRLNRLN RL N The number of hidden neurons is
denoted by the letter L.

For the link between the input and the single hidden layer, ELM applies random weights and
biases. Because these weights and biases do not vary throughout training, the nonlinear

system may be transformed into a linear one.

HB =T (2.1)
Where [1, 2, 3, L] is a number. T RL m is the weight matrix between the hidden and output
layers,and I =i, i2,i3,im] T; 1 = 1,2, 3, L. The connection weights between the ith hidden
neuron and the m output neurons are denoted by the letter i. The hidden layer output matrix
is H=g(WX + B)RN L. The activation function g(x) is utilized in the ELM algorithm and
the following ones, as well as the sigmoidal activation function (Huang et al. 2004).

outputs weight matrix is the only parameter that has to be determined, and it can be done

using the least-squares approach as follows:



B=HtT (2.2)
The Moore-Penrose inverse matrix of the H matrix is H+. The training algorithm's real result

will then be Y.

Y=Hp (2.3)
The findings and performance of ELM were compared to those of back-propagation (BP)
and support vector machine (SVM), and it showed superior performance and outcomes when

applied to the diabetic data set [2].

2.3 TWO-HIDDEN LAYER ELM - TELM

The Two-Hidden-Layers extreme machine learning TELM is one of the ELM upgrades
[10].

It contains two buried levels, each with the same number of neurons as the top layer. The
connections between the input layer and the first hidden layer are randomly weighted W,
while the biases are randomly weighted B, much as in ELM. This is an orthogonal
initialization since it has been shown that this orthogonalization improves performance in
classification challenges [10]. The semi-orthogonal matrix is used when the weight/bias
matrix is not squired (Orth)

function. WIE is abbreviated as [B W] for convenience. Similarly, XE is abbreviated as [1
X]. T

where 1 signifies a single N-dimensional vector whose members are all scalar 1.

Figure 2. 3: The TELM process

The next step in this algorithm is calculating the output from first hidden layer H and using

g(x) as the activation function. Again, sigmodal function is used.

10



H = g(WieXE) (2.4)
The weight matrix between the second hidden layer and the output is calculated as follows:

Using the Moore-Penrose inverse of the output matrix from the first hidden layer H, and to
get the target outputs T with the least squared error, the weight matrix between the second

hidden layer and the output is calculated as follows:

B=H+T (2.5)
Figure 2.3 illustrates the TELM architectural process. The weight matrix between the first
and second hidden layers is denoted by WH. The H1 and B1 matrices indicate the predicted

output's weight and bias, respectively. Figure 2.3 shows the situation.

g Wu H+ B1) = H1 (2.6)
However, the second hidden layer's predicted output H1 is computed as

Hi=Tp* (2.7)
where + is the generalized inverse of the MP.
As a result, WHE is made up of two parts: a matrix and a vector. The first is the connection

weight matrix between the first and second hidden layers, which is a matrix. The The second
component is the bias of the second hidden layer, which is computed as [B1 WH].

Wyg= g '(H\) Hg" (2.8)
Where HE =[1 H] T is the same way we defined XE earlier, and g1(x) is the inverse function
of the activation function. The second concealed layer's real outputs may then be accessed
as follows:

H2 = g(WHE HE) (2.9)

The weight matrix between the output and the second hidden layer may be updated as

follows:

ﬁnew = H*T (210:
After obtaining the output weights fnew by the training, the final output of the TELM is

expressed as
Y =H> ,Bnew (211)

11



The TELM has developed a novel method for obtaining the connection weights and bias
between the first and second hidden layers, which is the second hidden layer's second hidden
layer's second hidden layer's second hidden layer's second hidden layer's second hidden
layer's second hidden layer's second hidden layer's second hidden layer's second hidden
layer's second hidden layer As shown by research on regression and classification issues,
orthogonality of randomly begun weights and biases may have played a role in improving

performance and outcomes [10].

2.4 MULTI HIDDEN LAYER ELM - MELM

MELM [11], a multi-hidden layer’s extension of TELM, was another development for ELM.
The first hidden layer is still a first hidden layer, whereas the second hidden layer seems to
be a merged of two hidden levels when three hidden layers are considered. MELM advocated
an infinite number of hidden layers, however tests demonstrate that adding additional layers
does not improve performance or accuracy rates. The workflow of three hidden layers is
illustrated in Figure 2.4. An orthogonal initiation is also adopted for MELM like TELM
before.

The initial steps for MELM are the same as TELM using the formulas (2.4) to (2.10) to find
the weight matrix Snew. So for thee hidden layers, the updated parameters are calculated by
recycling the operation repeating formulas (2.7) (2.8) (2.9) (2.10) to obtain the revised
weight matrix Snew between last hidden layer and output. Resetting fnew = & HE = [1
H2]T

Is required before the recycle. For four hidden layers, two recycle are needed and so on.

¥

T
I B N

Figure 2. 4: The workflow of three hidden layer ELM

MELM's structure is shown in Figure 2.5, with three concealed levels for simplicity.

MELM's final findings are calculated using the output weights new of the last hidden layer.
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Figure 2. 5: The structure of three hidden layer ELM

2.5 SPARSE REPRESENTATIONS

Sparse representation for a signal or data is produced when only few non-zero coefficients
are produced represent a signal based on a dictionary which is normally an over complete
dictionary.

Sparse coding is in the context of unsupervised learning which is using only the input

yi for learning. The idea is to find a latent representation xi for each input yi such that

xiis sparse vector. Means vector xi has many zeros and we can reconstruct the original input
yi as well as possible. Sparse coding algorithms are mentioned in details in the Section 2.5.1.

Formally as an objective function:
,
1 - 2
mi X Y@ = D x @) A A X @ (2.12)

br
t=1

Subject to IDil2 < C: given constant; i=1,...,N
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A lx(t)I1 is the sparsity penalty, A is coefficient of sparsity.
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Figure 2. 6: Sparse coding of a signal

Since sparse coding problem is NP hard, solution can be by approximation algorithms [12].
Multiple solutions are there such as convex relaxation methods and greedy methods, we are
focusing on the greedy methods.

2.5.1 Sparse Coding Algorithms

By researching the fascinating realm of simple neurons in the graphic stripe brain of cats,
Hubel and Wiesel argued that the receptive field of the primary visual cortex -i.e., V1
neurons- may build a sparse representation for visual input [13]. The presence of the sparse
coding principle in the visual cortex has been confirmed by several electrical experiments.
Engineers were inspired by these findings to develop sparse coding signal processing
methods.

In order to encode sparse representations of signals, optimization approaches were applied.
By reducing the 10 norm, most optimization approaches aim for sparse codes with the fewest
none zero factors for a dictionary, as shown in Figure 2.6.

Multiple ways to finding adequate subpar answers to the aforementioned optimization task
have been offered by a few of scholars. Basis pursuit, matching chase, and its modified

variant, orthogonal matching pursuit, are examples.

14



2.5.2 Basis Pursuit

The solution is simply changing [0 by [1and then the problem become convex and solution
IS manageable.

The basis pursuit technique may yield a comparable solution to the 10 optimization issue
when the signal's sparsity approaches the number of non-orthogonal atoms [14]. A new
approach termed base pursuit de-noising (BPDN) [7], has suggested a compromise between
sparsity and rebuilding error for noisy signals. The sparsest approximation of 10 norm
minimization defining rebuilding quality may be obtained using the BPDN process. Many
improved algorithms, such as gradient projection (GP) and feature-sign search, have been
inspired by and are based on BPDN (FSS).

In comparison with greedy strategy-based approaches, BPDN algorithm has

better effectiveness and computationally efficiency. Thus, this algorithm and its

enhancements have been broadly used in application.

2.5.3 Matching Pursuit - MP

Matching Pursuit (MP) is a greedy algorithm that swaps atoms to see how close the two sides
of the equation can be brought together. So, it finds the correlation between what we can call
residual and a candidate atom of feature to be added to the next iteration.

In MP, the best column is selected which reflect the least error, then it is necessary to update
the weight vector and residual. At each step of the iteration, updating is fed back until the
constraint of the MP is matched. Means if the sparsity needed level is k, the algorithm stops

after k integration.

2.5.4 Orthogonal Machine Pursuit - OMP

At each loop cycle, the identified atoms and the current residual are orthogonal, making the
OMP approach a version of MP. As a result, the OMP method converges substantially more
quickly than the MP algorithm.

In the orthogonal matching pursuit (OMP), an extra step is placed. All vectors that are
utilized and new selected atom/vector/feature and semantically update the values of the

coefficient vector.

15



2.6 SPARSE AND ELM

Multiple researches have tried to implement sparse representation with extreme learning
marching algorithms. Majority were focused on the sparsity of the input features. Sun and
Yu suggest a sparse coding ELM that converts the input feature vector into a sparse
representation [15]. There were no modifications to the normal ELM supervised learning for
the output weights in sparse coding ELM, and the sparse coding issue was solved using
gradient projection. [16], employed Sparse Representation Coding (SRC) for face
recognition (Wright et al. 2009).SRC have anticipated dictionary initiation using the training
data set with no further training for the dictionary atoms. SRC could achieve fast training
time and high recognition accuracy. It is noticed that classification problems were the main
focus when sparse and extreme learning machine algorithms are studied [15], Different
neural networks and classifiers are employed to classify the extracted sparse features from
ECG signals [17]. The new sparse features were decomposed such as time delays,
frequencies, the width parameters of ECG and the square of expansion coefficient for each
of the dictionary atoms.

Convex relaxation and greedy algorithms are used to provide approximation solutions for
sparse coding problem. The two widely using greedy approaches are the matching pursuit
and orthogonal matching pursuit [17].

Alcan et al. have proposed sparse approximation for single hidden layer ELM called GA-
SELM [18]. They have focused on some factors such as 1) the challenge to choose the
number of hidden neurons, 2) the irrelevant variables of the input training dataset and 3) the
singularity problem that might appear. Greedy algorithms were used to suggest an arbitrary
sparse vector output weight and then calculate an estimated output using these output
weights and hidden layer weights and biases. Next step was using greedy algorithms to find
a specific k-sparse new output weights based on the estimated output and calculating the root
mean squared error (RMSE). By iterating k-sparse value to reach the needed number of
hidden neurons, different estimated outputs/ RMSEs could be calculated and the minimum
RMSE refers to the best results and corresponding k-sparse would represent the number of
needed hidden neurons.
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3. METHODOLOGY

As shown in Figure 3.1, Greedy extreme learning machine interferes in the single hidden
layer feed forward extreme learning machine in the output weights calculation part. Rather
than using the Moore-Penrose invers to calculate the output weights g as in equation (2.2),

the greedy ELM follows the following steps to propose output weights:
l. An interim arbitrary vector Sarb is randomly initiated where it is k-sparse, means
k none-zero values are initiated, then an interim output Y1 is calculated. Same

techniques as the used in equation (2.3) of the SLFNs.

Y1 = H,Barb (31)

. The interim output Y1 is used with the H to calculate the k-sparse output weight
vector Stemp using the orthogonal matching pursuit algorithms as a greedy

approximation.

ﬁtemp = OMP(YL H, k) (32)

. An estimated output Y” is considered based on H and the k-sparse output weight

vector

Y'=H ﬁtemp (33)

(AVA The root mean squared error performance function donated RMSE is used between
the estimated output Y” and the target values of the training dataset. RMSE values

are observed and compared with a stored RMSE array.

error = Vmean(T — Y")2

Greedy ELM compares all RMSE and increase the k values and steps number one is repeated
again until k reaches the suggested number of hidden neurons of the ELM.

The minimum RMSE corresponds to the best output that is closest to the target values and
output weight Stemp that is associated with minimum RMSE is considered as the final
output weights that is used on the testing phase of the extreme learning machine. Testing
accuracy percentage and k-sparsity level are extracted as last step for the each minimum
RMSE.
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Figure 3. 1: Greedy ELM
It is required for the greedy ELM to normalize all features of each dataset to zero mean and

unit variance.
For H = g (WX + B), the sigmodal activation function is used. To determine the k sparsity

level, k is iterated from 1 to N the number of hidden neurons. Thus, k sparsity level shows

the necessary number of hidden neurons.
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3.1 COMPARISON WITH OTHER ELMS
This section explains the comparative methods used. Testing accuracy, which is the
proportion of properly identified inputs, is used as a comparison factor. For each dataset that
is utilized, there is always a training data set and a testing data set. When a single large
dataset is utilized, it is separated into training and testing components.
Other comparison factors could be used as well such as training time/accuracy to compare
performance of the application algorithms.
In the evaluation, three algorithms are considered:

(1)  The Greedy single hidden layer feed forward ELM,

(i)  The conventional ELM,

(iii) Two hidden layer ELM,

(iv) Multi hidden layers ELM.

3.2. DEEP LEARNING

Machine learning has many parts and areas, and deep learning is one of those areas, and by
far the most effective. Deep neural networks are modern neural networks. This is especially
appropriate, and is suitable for image recognition and detection. This is important to address
issues such as motion detection, face recognition, and many advanced technologies such as
driving and self-parking. Learning functional hierarchies is the main purpose of deep
learning using lower-level functional composition to hierarchical form upper-level
functionality. It is designed to bring machine learning closer to its own goals. You can also
use supervised and unsupervised algorithms, or both. Indeed, we don't know it as a new
technology, deep learning has recently been the most important and comprehensive
approach, observed to accelerate the handling of explicit types of complex and annoying
problems, the most important and especially in the areas of language processing and other
natural and artificial vision. With object detection, deep learning models have become
modern art. The most important discoveries of machine learning also included deep neural
networks, which are closely related to deep learning [17]. Machine learning includes some
algorithms that get 1000's of data trying to learn from them to view new events in the future.
However, deep learning uses neural networks as an expanded form or variation. Deep
learning has the ability to quickly manage millions of data points. As is known, deep learning

is simply based on neural networks because of the changing shape and function of CNN-
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RNN. This does not mean that neural networks are the only one that deep learning depends
on. You can use many ML algorithms in deep learning to create hybrid functions and
improve performance. For example, deep learning can use Support Vector Machines
(SVMs). Deep learning is part of the machine learning hypothesis and also depends on the
representation of learning (or learning function). Deep learning models produce more
accurate and faster results than standard machine learning by removing complex high-level
ideas such as data representation through hierarchical teaching analysis. Therefore, deep
learning is a phenomenal improvement in object detection, object recognition, and object
classification. Computational model consists of different processing levels (non-linear
transformation) Used to learn the representation of various idea-level information. Learn the
hierarchy of feature extractors Each level of the hierarchy extracts features from the results
of the previous level. Deep learning's primary objective infrastructure is the ability to select
the optimal characteristics. Indeed, detailed learning based on summary data and data
compressed by computer science. This is what artificial intelligence really needs, especially
when you have a huge amount of data. Deep learning is a neural network with three or more
hidden levels, as shown in Figure 3.2. The neural network had several hidden levels. Deep
learning is done from sequential levels or from three or more hidden levels integrated into a
neural network. Convolutional Neural Networks (CNN) is more common in deep learning.
It is likely to consist of many layers in the model, with each layer having an output that is
used as the input for the next layer. For example, a dog image, provided at an enhanced level,
transforms the image of the supplied data into any amount of hidden levels. In garland. It's
a CNN developed by the Google DeepMind group, and from the old Chinese in the old
Chinese game of Go, considered by many to show the lineage of learning, the best humans
on earth. We have won a large number of defeated groups. Neural network with a less

difficult structure, such as many layers of interconnected nodes.
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Figure 3.2: Deep learning for ELM

3.2 CONVOLUTIONAL NEURAL NETWORK (CNN)

A convolutional neural network (CNN) is a kind of neural network that is designed to
recognize patterns. The emphasis is mostly on computer vision and image processing
problems. Image recognition and object identification challenges are where CNN is most
often utilized. CNN's goal is to make neural networks insensitive to specific input alterations.
Neural networks apply in many tasks in computer vision, to get great speculation
performance; it is beneficial to join earlier learning into the network architecture.
Convolutional neural networks utilize spatial data between the image pixels. In this way,
they depend on convolution. After introducing convolution in the past year, neural network

again raised the consideration of the study community. Especially Deep Neural Networks
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are setting entire kind of captures and overcoming different methodologies on pattern
recognition and computer vision issues. Without human interfere to hand design it has a
powerful to create object representations features so it’s their success key these frameworks.
Deep Neural Networks can teach two level bottom level image features and top-level
abstracted idea, just as dynamic input-output relations given enough training data tests. As
known today, in final 1970 CNNs come. it hardly utilized for different detection and
classification target. It has proven that they are very effective and it is often utilized in
regions, for example image recognition, classification, by Appling object detection and
segmentation. they can learn immediately from image data. eliminating the requirement for
component feature extraction. CNNs were later improved by Yann LeCun’s which
performed gradient-based stochastic gradients to document recognition and was very
effective for handwriting recognition tasks. In general, CNNs are truly successful at
classifying objects. in Figure 3.3. shows simple CNNs structure. A drawback for deep
learning is requires very large datasets for training to recognizing objects.
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Figure 3. 3: CNN feature extraction
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4. SIMULATION RESULTS

In practical experiment, three forwarded mentioned datasets are used to compare the four
algorithms in respect to the testing accuracy. The experiment has been conducted on a Core
17-4500U Intel CPU @ 1.80 GHz and 8 GB DDR3 RAM hardware. MATLAB R2016b is
used to run the algorithms and extract results. The experiment is focused on the classification
problems, although some more enhancement and adjustments for the written algorithms
would make them suitable for regression problems. The standard ELM algorithm can solve
regression problems as it is grabbed from Nanyang Technological University website [19].
The inner fragments of this section are the following, a brief of coding efforts to implement
the four experiment algorithms, a detailed description for the three considered datasets and

detailed results and discussion with highlights on the testing accuracy changes.

4.1 CODING EFFORTS

The standard ELM MATLAB code was developed by Nanyang Technological University
[19]. ELM code accepts the training and testing datasets, number of hidden neurons, a flag
to specify if the problem is classification or regression and the activation function. The
outputs are the training time and accuracy and testing time and accuracy. The ELM is iterated
20 times and the maximum testing accuracy is considered as best result.

The TELM algorithm is developed and written using the base ELM code and extended to
align with TELM algorithm [10]. The input parameters for TELM are the same as ELM one
nut the output focused on the testing

accuracy as it is the comparison factor in our research. Orthogonal random weights and
biases are initiated as suggested in [10].

Similarly, TELM is iterated 20 times as well and highest testing accuracy is considered.

The MELM algorithm is also developed based on the ELM code and focused on the second
hidden layer of the two hidden layers ELM with a loop mechanism to extended to three
hidden layers or more. Therefore, MELM is considered with 3 hidden layers or more. MELM
input parameters are same as before with extra parameters to determine the number of hidden

layers.
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Thus, this input parameter is 3 or more. Similarly, the output is focused on testing accuracy
and iterated 20 times with highest accuracy consideration.

Lastly, the greedy ELM algorithm coding efforts have been applied on the basic ELM by
initiating arbitrary sparse output weights and using them to calculate the classification
results. Then using these results and the OMP algorithm to produce a sparse output weight
vector which grades a new result to be compared with the target result and store the root
mean square error. Further details about the greedy single hidden layer feedforward
algorithm and detailed steps of greedy approach are mentioned in [18]. The greedy ELM is
iterated 20 times only and highest accuracy in considered. Additionally, the sparsity and
RMSE values are extracted and fed into the results.

4.2 DATASETS USED IN EXPERIMENT

In experiment, three datasets are used to compare the 4 different algorithms. Diabetes dataset
which was used earlier in [19]. Additionally, two datasets from the machine learning
repository and center for machine learning and intelligent systems are used. The abalone and
EEG eye state classification datasets. In the following sub-section, a detailed description for
each data set and its attributes and outputs are discussed.

For the 3 used datasets, it is shuffled randomly 2 of the total data records were used for 3 the
training and 1 is used as testing data. After applying this approach, same training 3 & testing
data were used as input to the four algorithms.

4.2.1 Diabetes Dataset

The diabetes data set was obtained from the Nanyang Technological University website,
which is the same data set used to test the basic single hidden layer ELM. It consists of nine
columns, the first column represents the target class of classification problem, and other eight
columns represent the input attributes of the diabetes data set. The input attributes were
normalized to 0, 1 scale and the target classed were either logical 0 or 1. The logical 1 could
refer to high possibility of having diabetes by aging. The input attributes could be values of
features extracted from the patient samples; where each row reflect the attributes and target
class of that patient. For instance, the first attribute could represent the ability to have
diabetes because of family (one or both parents have diabetes). Table 4.1 gives a sample of

the diabetes data set target class and attributes.
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The data set package consists of 2 parts, the first is the training data set and the second is the

testing data sets.

Training data set is applied to each algorithm, then the testing accuracy is calculated using

the testing data set. The diabetes training data set has 576 records and testing data set has

192 records.

Table 4. 1: Diabetes data Sample

Data set target class and attributes

Target
class

Attr 1 |Attr 2 |Attr 3 |Attr4 |Attr5 | Attr 6 |Attr 7 |Attr 8

0.118 | 0.435 | 0.000 | 0.230 | 0.000 | 0.431 | 0.297 | 0.067

0.647 | 0.675 | 0.000 | 0.000 | 0.000 | 0.779 | 0.213 | 0.317

4.2.2 Abalone Dataset

The abalone dataset from machine learning repository [20]. It consists of 4177 instances

and divided in to a training part of 2784 instance and a testing part of 1393 instances. The

aim is to predict the abalone age based on its physical measurements. Normally, abalone age

is determined by opening its shell and counting the number of rings though a microscope

which is a boring and time-consuming task. Eight attributes can be used to determine the

abalone age and these are:

VI.
VII.
VIII.

Sex, which is nominal value of being a male/female/infant. This attribute is
normalized to integer of +1/-1/0 values.

Length which is a continues real number in millimeters that represents the longest
shell measurement.

Diameter which is a continues real number in millimeters that represents the
perpendicular to length

Height which is a continues real number in millimeters that represents its height
with meat in the shell.

Whole weight which is a real number in grams for total abalone weight.

Shucked weight which is a real number in grams for total weight of the meat only.
Viscera weight which is a real number in grams for total weight of the gut weight.
Shell weight which is a real number in grams for total weight of the shell after

being dried.
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The target class is the abalone age which ranged within the data set between 1 and 29 years
old. For simplicity purposes, this age range was normalized to check if an abalone is over 15
years old or not.

Thus, the target classes are only two now, 1 represent that abalone is over 15 years old and

0 represent abalone less than 15 years old.

Table 4. 2: shows a sample data of 3 instances for the abalone dataset with its target class. The first
instance is for a male abalone, with length 0.455 and shell weight 0.15.

Data set target class and attributes
Tca:;ggt Attrl | Attr2 |Attr3 | Attr4 | Attr5 | Attr6 | Attr7 | Attr8
1 1 0.455 | 0.365 0.095 | 0.514 | 0.2245 | 0.101 | 0.15
0 1 0.35 |0.265 0.09 | 0.2255 | 0.0995 | 0.0485 | 0.07
0 -1 0.53 0.42 0.135 | 0.677 | 0.2565 | 0.1415 | 0.21

4.2.3 EEG Eye State Dataset

Similarly, EEG eye state dataset is grabbed from machine learning repository [21]. It consists
of 14980 instances and divided in to a training part of 8997 instance and a testing part of
5983 instances. The aim of this dataset is to classify the eye state

if it is open or closed based EEG measurement using Emotiv EEG Neuroheadset. Each
measurement duration was 117 seconds. All values are in chronological order with the first
measured value at the top of the data. It is declared by the dataset donors that there are no
missing values.

Attributes are all integer and real values and dataset is associated with a classification task

of 2 target classes. In other words, 14 attributes of EEG values indicate the eye state.

Table 4. 3: EEG Eye State data sample

Target | Attl Att2 Att3 Att4 Att5 Att6 Att7
Class Att8 Att9 Att10 | A1l | Awtl2 | Awl3 | Attl4
0 4329.2 4009.2 | 4289.2 | 4148.2 4350.3| 4586.1 | 4096.9
4641 4222.1| 42385 | 42113 4280.5| 46359 | 4393.9

. 4335.9 40585 | 42795 | 4125.6 4350.3| 46323 | 4103.1
4634.9 42426 | 4260 | 42441 4307.7| 46503 | 4397.9
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4.3 RESULTS

Results presenting methodology is included in this section and comparison in accuracy and
time performance between developed algorithms. Detailed results for each algorithm using
each data set are presented, then accuracy comparison to highlight the improvements and

changes in various approaches. Lastly the time performance results are listed and discussed.

4.3.1 Diabetes Dataset Results

Considering 8 attributes in diabetes dataset, the number neurons in hidden layer is diverse
starting at 4 neurons to 8, then 10 and 20 are used to track changes for high number of hidden
neurons.

Results are shown in Table 4.4, it is noticed that the 3 hidden layers ELM has given the best
results when the number of hidden neurons approaches the input attributes number and
exceeds. While the greedy ELM with single hidden layer accuracy did reach very high
testing accuracy and ranged around 68% and went down with higher number of hidden

neurons.
Table 4. 4: Diabetes dataset results
Algorithm Number of neurons in a hidden layer
4 5 6 7 8 10 20
ELM 74.61% | 76.17% | 76.56% | 76.95% | 77.15% | 76.76% | 81.06%

TELM 77.34% | 80.08% | 75.39% | 78.13% | 74.22% | 73.05% | 63.67%

MELM (3) | 79.30% | 78.91% | 78.13% | 78.13% | 78.52% | 81.64% | 80.86%

MELM (4) 72.66% | 71.09% | 76.56% | 72.27% | 68.36% | 68.36% | 67.19%

MELM (5) 68.36% | 70.70% | 71.48% | 68.75% | 68.75% | 68.36% | 64.84%

Greedy ELM | 68.75% | 68.75%| 68.75%| 68.75% | 68.75%| 68.75%| 46.48%

Figure 4.1 show the changes of testing accuracy for all ELMs in respect to 4-12 number
neurons in the hidden layer(s). It is perceived that the change in hidden neurons doesn’t have
major on testing accuracy in the greedy ELM, while it plays some role for other ELMs

specially the multi hidden layers ELM.
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Figure 4. 1: Diabetes results chart
Since the greedy algorithm has much more detailed outputs, these outputs are presented in
details. As mentioned before the greedy algorithm is iterated 20 times and the maximum
accuracy is considered. The following detailed outputs are a sample of the greedy algorithm
output when 4 neurons in hidden layer are used.
The accuracy values for the 20 iterations are the following, it is noticed that the 1st iteration
has given the best testing accuracy.

Table 4. 5: Diabetes testing accuracies

Iteration# 1 2 3 4 5 6 7 8 9 10

Testing |eg 7504131 259% [41.80% |31.25% |31.25% |31.25% |31.25% |44.92% |68.75% |31.25%
Accuracy %

Iteration# 11 12 13 14 15 16 17 18 19 20

Testing 31.25% |31.25% |31.25% [31.25% |31.25% |32.81% |31.25% |68.75% [31.25% |36.33%
Accuracy %

The sparsity level values for all iterations are the following, the 1st iteration’s sparsity level

is 1 as well which refers to 1 none-zero values in the output weight vector.
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Table 4. 6: Diabetes sparsity levels

Iteration# | 1 2 3 4 5 6 7 8 19|10
Sparsity 1 4 2 3 3 1 1 3111
Iteration# | 11 12 13 14 | 15 | 16 17 |18 |19 | 20
Sparsity 3 1 1 1 4 2 2 4 | 1| 4

The RMSE values are the following for all iterations. The 1st iteration and sparsity level 1

cell shows the root mean square error values which has given the 68.75% accuracy.

Table 4. 7: Diabetes RMSE values for different sparcisty level

Iteration# RMSE values
Sparsity 1 | Sparsity 2 | Sparsity 3| Sparsity 4
1 1.0891 1.3204 1.1561 1.1787
2 1.6314 1.3298 2.0743 0.9583
3 0.9946 0.9811 0.999 1.0531
4 1.2857 1.1605 0.9655 1.0284
5 1.0819 1.2532 1.0705 2.9167
6 0.9872 1.3191 1.0378 1.0133
7 0.9564 1.7941 1.4105 1.3237
8 1.0149 1.22 0.9931 1.1683
9 1.0343 1.3976 1.337 2.9797
10 1.0313 1.863 1.1098 1.609
11 1.1206 1.3667 0.9812 2.8595
12 1.1336 1.4367 2.331 1.3903
13 0.9678 1.0383 1.5513 1.433
14 0.972 1.2814 1.1791 1.4794
15 1.228 1.1697 1.2591 0.9911
16 1.0859 0.9827 1.11 0.9864
17 1.1482 0.9406 1.1717 0.9549
18 1.4299 2.0687 2.0283 1.2932
19 0.9608 1.0076 1.2088 1.6115
20 1.2557 1.5063 1.0084 0.974

The output weights vector values for all iterations are the following, 1st iteration has 1

sparsity level, where third value is none-zeros as in Table 4.8
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Table 4. 8: Diabetes output weights for all iterations

Iteration# Output weights

1 0 0 0.4676 0

2 -0.0376 | 0.2596 |-0.7373 |-0.3535
3 0 1.133 0 -0.5251
4 -0.6642 0 -0.8623 | 0.7338
5 0 0.0377 | 0.0937 | -1.214
6 -0.8851 0 0 0

7 0 -0.2932 0 0

8 0 -0.0821 | 1.7006 |-1.3749
9 0.1349 0 0 0
10 0 0 0 -1.2774
11 0.506 0.0807 | -1.245 0
12 -1.1453 0 0 0

13 0 0 -0.2881 0

14 -1.2326 0 0 0

15 -0.4953 |-0.2611 | 0.4787 | -0.236
16 -0.848 0 0.7438 0

17 0 -0.4568 0 -0.224
18 0.5662 | 0.4227 | 1.0255 |-1.2261
19 -0.5874 0 0 0
20 0.0118 | 0.5663 |-0.5324 |-0.2089

4.3.2 Abalone Dataset Results

Considering 8 attributes in abalone dataset as well, this time the number neurons in hidden
layer is diverse starting at 4 neurons to 12 to check different scenarios rather than what was
used in the diabetes dataset.

Results are shown in Table 4.9; it is noticed that the better results than what diabetes results
were. Among the none sparse ELMs, the single hidden layers ELM gave best testing
accuracy with value reached 91.99%. When the number of hidden neurons approaches the
number of input characteristics, the testing accuracy is likewise high, with a difference of
less than 0.05 percent from the greatest accuracy. Furthermore, all conventional ELMs have
shown a high level of testing accuracy.

While, the greedy ELM has reached maximum 91.31% for various number of hidden
neurons and preserved very low accuracy for other number of hidden neurons, which raises

a flag about its performance.
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Table 4. 9: Abalone dataset results

Algorithm

Number of neurons in a hidden layer

4

5

6

7

8

9

10

11

12

ELM

91.70%

91.81%

91.99%

91.92%

91.92%

91.95%

92.03%

91.99%

91.99%

TELM

91.31%

91.31%

91.31%

91.31%

91.31%

91.39%

91.31%

91.39%

91.31%

MELM (3)

91.39%

91.67%

91.82%

91.74%

91.03%

69.49%

67.62%

67.19%

70.28%

MELM (4)

91.31%

91.24%

91.24%

91.24%

91.24%

91.24%

91.24%

91.17%

91.24%

MELM (5)

91.24%

91.31%

91.31%

91.24%

91.24%

91.24%

91.17%

91.17%

91.24%

Greedy
ELM

91.31%

91.31%

35.75%

33.67%

63.68%

25.84%

35.82%

13.28%

45.94%

Figure 4.2 chart shows the changes in testing accuracy in respect to the number of neurons

in the hidden layers for all studied algorithms.
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Figure 4. 2: Abalone results chart
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For the abalone dataset, the greedy ELM is also iterated 20 times and highest testing accuracy

is considered. The following outputs are taken when 5 hidden neurons are used.

The 9th iteration has given 91.31% while the rest 19 iterations have given very low accuracy,

although the 9th iteration one is considered high and close to other standard ELMs.
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Table 4. 10: Abalone testing accuracies

Iteration# 1 2 3 4 5 6 7 8 9 10
Testing | g ca05 | 8.69% | 8.69% | 28.36% | 16.51% | 8.69% | 8.69% | 8.69% |91.31% | 8.69%
Accuracy %
lteration# | 11 12 13 14 15 16 17 18 19 20
Testing | g a305 | 8.69% | 8.69% | 20.67% | 10.62% | 8.69% | 8.69% | 8.69% | 8.69% | 8.76%
Accuracy %

The sparsity level in the 9™ iteration is a as the following table shows. Thus, 1 none- zero
values are expected in the output weights vector.

Table 4. 11: Abalone sparsity levels

Iteration#| 1 |2 3 4 5/ 6 |7 8 9 | 10
Sparsity | 4 |3 3 3 3| 4 |2 3 1 5
Iteration#| 11 |12 (13 | 14 | 15| 16 |17 |18 | 19| 20
Sparsity | 4 |1 |1 2 5/ 3 |3 1 5|5

Since the focus in these results correspond to 5 neurons in hidden layers, the maximum
sparsity level is 5. It is noticed that the 9th iteration has given highest accuracy with sparsity
level 1, the following table show that the RMSE values corresponding to all iterations and
9th one is highlighted and 1 sparsity level is the minimum value among all RMES values
within the same iteration. Referencing the greedy ELM, 1 hidden neuron is the necessary
out of 5.
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Table 4. 12: Abalone RMSE values for different sparsity levels

RMSE values
Iteration# |Sparsity 1 | Sparsity 2 | Sparsity 3 | Sparsity 4 | Sparsity 5
1 1.1757 1.1988 2.0139 0.6371 1.3491
2 0.9964 0.9936 0.6414 0.673 0.9262
3 1.274 1.3435 0.7025 1.5227 1.6897
4 2.1358 1.5061 1.0469 1.2064 1.9754
5 0.9234 1.8766 0.7147 1.5109 2.0388
6 1.4213 1.6623 1.4068 0.642 2.3426
7 1.6691 1.073 1.5104 2.3891 1.4996
8 1.502 0.9737 0.6533 1.6704 2.0462
9 1.167 2.7153 1.2199 2.464 1.3468
10 2.0357 1.5047 2.3719 2.2491 0.7415
11 1.5347 0.6426 2.1509 0.6118 1.8867
12 0.6293 1.4698 2.5959 0.8808 1.0195
13 0.737 1.1119 2.7038 1.5598 3.7593
14 1.1237 0.9495 1.7468 1.5951 1.5966
15 0.8006 0.9119 0.9319 0.7921 0.7765
16 0.9922 1.5416 0.6701 1.7628 0.8797
17 0.8395 0.8914 0.7374 2.1521 1.8405
18 0.7016 1.0875 2.261 1.471 2.4068
19 1.4746 0.9778 0.9888 2.9366 0.7864
20 0.8662 1.1677 1.5648 3.27 0.8079

A cross checking is applied by presenting the output weights vectors for all iterations and
confirm that the used output weights vector has 1 none-zero values as in below Table 4.13
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Table 4. 13: Abalone output weights for all iterations

Iteration# Output weights

1 -0.609 -0.6105 0.7569 -0.4113 0

2 0 0 0.5131 -1.5972 -0.153

3 0 -0.1106 0 -0.0676 -0.8473
4 0 1.5878 -0.3063 -1.5656 0

5 -0.2538 0 0 0.7611 -0.8637
6 0.1099 -0.2305 -0.2738 0 -0.9119
7 0 0 -1.3989 0 -0.7729
8 0 0.3388 -0.7455 -0.6512 0

9 0 0 0 0.5488 0

10 -1.025 0.5197 -0.3382 0.0539 -0.9924
11 -1.3895 -1.1564 0 0.0468 0.8475
12 0 0 0 -1.2207 0

13 0 -0.6338 0 0 0

14 -0.3077 0.1827 0 0 0

15 -0.9655 0.567 0.0377 0.1353 -2.0912
16 -1.1398 0.681 0 -1.0536 0

17 0 -0.7763 0.2785 0 -0.6735
18 0 0 -1.4286 0 0

19 -0.0477 -0.144 0.2977 -1.2777 -0.3006
20 -0.4961 -0.7094 0.3129 0.746 -0.1997

4.3.3 EEG Eye State Dataset Results

Considering 14 attributes in EEG Eye State dataset (denoted as EEG dataset), this time the
number neurons in hidden layer is diverse starting at 8 neurons to 16 to check different
scenarios such as previous datasets.

Table 4.14 demonstrates the application if four algorithms using the EEG dataset, no major
changes in compare with the results of previous datasets. It is only noticed that the single
hidden layer ELM has gave highest accuracy among none-sparse ELMs and the greedy
preserved the highest records by reaching 62.82% testing accuracy. Surprisingly, the
standard ELMs have given very similar results and the greedy algorithm highest testing

accuracy against standard ELMs for the same number of hidden neurons which is 14.
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Table 4. 14: EEG dataset results

Number of neurons in a hidden layer

8 9 10 11 12 13 14 15 16 20
ELM 55.25%]| 55.24% | 55.24% |56.12%| 55.77% |57.62%| 55.25% | 55.51% | 61.82% |55.22%
TELM  [54.91%] 54.93% | 54.91% |55.93%| 54.89% |54.91%| 56.29% | 54.89% | 54.91% |54.95%

MELM (3) [55.21%]|54.91% | 54.91% |55.07%| 54.91% [54.91%] 54.91% | 54.91% | 55.11% |57.33%
MELM (4) |54.91%]| 59.59% | 54.91% |54.91%| 54.95% [54.97%| 57.21% | 54.91% | 54.91% (56.21%
MELM (5) |54.91%| 54.91% | 55.03% |55.05%| 54.91% [54.91%] 54.99% | 55.07% | 56.15% |56.15%
Greedy ELM|54.89%]| 54.89% | 54.89% [58.57%| 55.19% |54.87%| 57.01% | 54.61% | 54.89% |55.35%

Figure 4.3 observes the differences between accuracy values for the studied algorithms in
respect to number of hidden neurons. No major effect between the number of input attributes
and the number of hidden neurons on the testing accuracy.

64.00%
62.00%
60.00%
58.00%

54.00%

52.00%

50.00%
8 9 10 11 12 13 14 15 16 20

e E L V] TELM MELM (3) MELM (4)
e \ELM (5) s Greedy ELIV] emm—

Figure 4. 3: EEG results chart
Focusing on the greedy ELM when 14 neurons in the hidden layer(s) is used and for 20 times

iteration, the following testing accuracies were produced:

Table 4. 15: EEG testing accuracies

Iteration# 1 2 3 4 5 6 7 8 9 10

Testing /o 1306 45.11% 47.929% | 46.42% | 45.11% | 57.01%] 50.30% | 43.57% | 44.50% | 45.35%
Accuracy %

lteration# | 11 | 12 | 13 | 14 | 15 | 16 | 17 | 18 | 19 | 20

Testing 1o 0506l 45,119 |45.119 | 42.85% | 44.379 | 46.729% | 45.419% | 45.15% | 48.96% | 55.97%
Accuracy %
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The 6th iteration has given the highest accuracy of 57.01% with sparsity level of 13 as shown

below. Thus, the number of necessary coefficients in the output weights vector is 13.

Table 4. 16: EEG sparsity levels

Iteration# 2 3 4 5 6 |7 8 9 | 10
Sparsity 1 4 4 3 |13 |8 5 5 5
Iteration#| 11 |12 (13 | 14 | 15| 16 |17 |18 | 19 | 20
Sparsity | 6 |1 2 1014 | 8 |8 8 13 | 11

[XY

N

Similarly, the maximum sparsity level is 14 since the results are shown for 14 used hidden
neurons. Thus, for the 6th iteration and sparsity level 13 the minimum RMES value (within
iteration #6) is highlighted in the following table. According to greedy ELM, 13 necessary
hidden neurons are needed out of 14.
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Table 4. 17: EEG RMSE values for different sparsity levels

RMSE values
Sparsity
terationst 1 2 | 3| 4|56 78] 9(10|11| 1213 |14
1 150 (1.17]1.44|1.00|1.17|119|1.09|1.00|1.32|1.26{1.44|1.47|3.09|1.22
2 1.09 |24611.31|4.30|153|1.72(1.28|5.13|1.12|1.14/1.41|1.71|2.36|1.12
3 242 11.08|1.09|100|1.12|1.37|3.24|2.34|1.92|2.61/1.05/4.86(1.15|4.19
4 121 |2.21]1.48|1.00|2.67|1.14|2.64|1.43|2.42|4.10{1.46|2.69|1.25|2.47
5 1.25 |1641.01|1.27|198|1.84|2.20|4.59|1.28|4.26/1.67|1.29|1.60 |3.09
6 113 ({145]1.36|1.37|244|131|1.73|4.20|1.08|1.07({3.14/1.97|1.03|1.21
7 1.06 |2.85]1.27(1.01|157|1.01|2.40|1.01|1.07(1.59|1.16|1.37|2.57(3.70
8 1.04 |1.06]1.75(1.00|0.99|1.35/1.04|1.97|1.71|1.00{1.49|1.21|1.24|2.84
9 1.17 | 1.69]1.28(2.12|10.99|1.62|1.84|1.15|4.45|1.23|1.15|1.25/2.02|1.03
10 1.11 |{1.102.11|1.40|1.03|1.59(1.25|1.33|1.75|3.82{1.51|1.09|1.54(1.19
11 133 |1.03]1.11|1.57|1.67|1.00|1.58|1.06|1.08|1.07|1.04|2.08|2.69|2.06
12 1.00 |1.27]1.15(1.31|1.20|1.07({1.02|1.01|1.24{1.01|1.47|1.83|1.02|3.40
13 1.02 |1.02]195(2.27|184|241|2.16|4.79|1.25|1.15/1.12|4.32|1.11{1.03
14 122 {101]1.02|1.70|252|1.70(1.07|1.18|1.01 {1.00{1.76|3.57|1.64 |1.71
15 1.00 {1.02]1.12|0.99|1.15|1.84|2.19|1.04|1.67|1.30{1.06|1.24|3.10{0.99
16 122 122172 |1.74|11.27|1.59|2.96|0.99|1.00(1.46|1.85|1.39|1.81|2.66
17 1.19 | 1.19)2.13|2.65|1.09|2.84|253|1.02|2.18 |2.46|5.64|3.42|2.10 |2.41
18 149 {1.03]1.19(1.49|1.01|5.69|2.01|1.00|2.74{2.01{3.12|1.05/3.20(5.14
19 114 |1.30]1.31|3.43|290|1.111.13|2.28|2.33|1.92|3.19|2.37|1.00 | 1.55
20 226 |1.08(3.17]1.49(2.34|1.13|1.36(1.81|2.04|2.96/1.01|/4.00(5.12|2.06

It is directly concluded that the sparse output weights vector would have 13 none-zero values
in the 6" iteration.
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Table 4. 18: EEG output weights for all iterations

Iteration# Output weights

0.00 {0.00 | 0.00 {0.78 | 0.00| 0.00{-0.26(0.00 | 0.21/0.00 | 0.00 | 0.00| 0.12
0.00 [ 0.00 | 0.00 [ 0.00 | 0.00| 0.00f 0.00{0.00 | 0.00{0.00|0.00| 0.00|0.00
0.59 [-0.24]0.12 | 0.00 | 0.00| 0.00| 0.00{0.00 | -2.00{0.00 | 0.00 | 0.00| 0.00
0.00 | 0.00 | 0.00 |0.52 |-0.11| 0.00| 0.00|0.00 | 0.00|0.00 |0.00 | 0.26/-0.68
0.00 | 0.00 | 0.00 [ 0.00 | 0.00| 0.00{-1.69|0.00 | 0.33/0.00|0.00 | 0.00{-0.10
2.36 |-0.37|-0.25|3.20 | 0.48| 0.00| 0.77|-1.91| -0.40| 0.54 |-2.01|-1.36/-0.84
0.00 {0.55|0.00 [1.01 | 0.09| 0.00| 0.00{0.00 | 0.85/-0.86|-1.81|-0.14| 0.17
0.00 [-2.34|0.00 [ 0.00 | 0.00| 0.00| 0.00{1.08 | -0.05/0.00 | 0.63 | 0.00| 0.00
0.11 | 0.00 | 2.09 | 0.27 |-0.40| 0.00(-2.21|0.00 | 0.00|0.00 |0.00 | 0.00| 0.00
0.00 | 1.53|0.00 [ 0.00 | 0.00| 0.00| 0.00{-1.68| 0.00{-0.90|-0.18| 0.07| 0.00
11 0.00 | 1.27 | 0.00 | 0.19 |-0.60| 0.00| 0.00{0.00 | 0.00/0.00 |-1.30| 0.59| 0.00
12 0.00 | 0.00 | 0.00 (-1.07| 0.00| 0.00| 0.00{0.00 | 0.00{0.00|0.00| 0.00| 0.00
13 0.00 | 0.00 |-0.28|0.00 | 0.00{ 0.00( 0.00|0.00 | 0.00|0.00 |0.00 |-0.37|0.00
14 0.16 | 0.00 |-0.55(-0.46 | 1.59| 0.32|-0.64|0.00 | -0.03|-0.31| 0.00 | -1.44| 0.00
15 0.24 |1.07 |-1.03|-1.34| 0.40{ 0.40(-0.30|-0.78| -0.69|-0.12-1.11|-0.45|-0.62
16 0.00 [-0.08|0.88 |-1.63| 1.01| 0.00| 0.00{0.38 | 1.23|-0.66|0.00 | 0.00| 0.00
17 0.00 | 0.45|-0.26|0.00 | 1.21| 0.00( 0.75|-0.17| -0.07| 0.00 | 0.00 | -0.75| 0.00
18 0.44 10.00 |-0.25(0.00 | 0.29| 0.00/-0.24/0.00 | 0.00(-1.88|0.27 | 1.48| 0.00
19 0.94 |0.08 |0.00 |-1.92| 1.19| 0.63|-0.78|1.74 | 1.28|-0.72|-0.14| 0.14|-2.17
20 -0.81 |-2.10|-1.63| 1.24 | 0.00|-0.28| 1.74|-0.25| -0.75|-1.00| 0.00 | -0.86| 0.92
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4.3.4 Results Comparison

Among Table 4.4, Table 4.9 and Table 4.14 it has been generally observed the multi hidden
layers EIm giving best accuracy when compared to single, two hidden layer ELMs or greedy
algorithms. But when it comes to greedy ELM algorithm it is not always (in respect to the 3
studied datasets) reaching good accuracy. Only when the EEG dataset is used and the number
of hidden neurons equals the number of input characteristics can Greedy ELM pass the
conventional ELMs. The testing accuracy values had ranged between a minimum value of
~55% to ~91% with and without sparse methods interfering in the extreme learning machine
basic mathematical approach. Injecting sparsity approach with single hidden layer ELM has
produced new interesting results but no notable improvements to the testing accuracy factor.
Time efficiency would be another comparison factor which is noticed during the experiment
specially when large number of input attributes in the experiment datasets, such as the case
of EEG dataset and these are presented in following sections.

The results from any of the RMSE tables presented in each dataset results application shows
the lowest RMSE value has given the highest testing accuracy. Although multiple RMSE
values could lead to same testing accuracy. For instance, in Table 4.14 there are multiple
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high testing accuracy values (in compare with other standard ELM accuracies) for 11, 14 &
20 hidden neurons.

Table 4.19 represents the RMSE values correspond to highest accuracies (58.57%, 57.01%
& 55.35%) which correspond to 3,11 & 16 sparsity levels in order and number of hidden
neurons in greedy ELM for EEG dataset, where the first columns refer to the number of
hidden neurons applied the dataset, and S column is the sparsity level that correspond to the
highest testing accuracy value. Then a scale of sparsity is listed where maximum sparsity
doesn’t exceed the number of hidden neurons.

All highlighted RMSE values in Table 4.19 have led to the highest testing accuracy in
application of greedy ELM using the EEG dataset. It is noticed that these RMSE values are

almost the same.

Table 4. 19: RMSE values for EEG dataset

#1S Sparsity Scale/ RMSE

112 |(3|4|5|6|7|8]|9|10|11| 12|13 | 14| 15| 16| 17| 18| 19| 20
11| 3 |1.50/1.54|1.02(1.37|1.35|1.41|1.96|1.19|1.82|2.04|1.29
14|11|2.26/1.08|3.17(1.49|2.34|1.13|1.36|1.81|2.04|2.96(1.01| 4.00/5.12| 2.06
20|16|1.43(1.16|2.10|2.70|1.76|1.79|3.55|1.23(1.48| 1.46|2.09| 6.12| 4.33| 1.89| 4.71{1.03| 3.44| 1.44) 3.61| 3.96

In the application of greedy ELM on the Abalone dataset, using 4 & 5 hidden neurons have
given the highest accuracy of 91.31%. In Table 4.20, RMSE values correspond to highest
accuracy and number of hidden neurons in greedy ELM for Abalone dataset and first and
second column refer as previous table and the highlighted RMSE values are 1.1 to 1.17 have
given same testing accuracy. It's worth noting that the lowest RMSE corresponds to the

sparsity level/number of essential hidden neurons.

Table 4. 20: RMSE values for Abalone dataset
# 1 S Sparsity Scale/ RMSE
1 2 3 4 5 6 7 8 9 10| 11| 12

41 1 | 1.10 | 1.36| 1.69| 1.10
5| 1 | 117 | 2.72|1.22| 2.46| 1.35
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4.3.5 Accuracy, Sparsity & RMSE Relation Results

Greedy ELM results have emphasized the relation between testing accuracy, sparsity level
and RMSEs values, the following results highlight this relation. Considering the EEG dataset
(which has 14 input attributes), 16 hidden neurons and 20 iterations for the greedy algorithm.

It is noticed that the highest accuracy with these 20 iteration is hit twice in the 2nd and 17th
iterations as shown in below table.

Table 4. 21: EEG testing accuracies for 16 hidden neurons

Iteration# 1 2 3 4 5 6 7 8 9 10

Testing | 1 1 106|54.80% | 49.24%| 45.11% | 53.44% | 53.0296 | 45.11% | 44.79% | 45.15% | 45.11%
Accuracy %

lteration# | 11 12 13 14 15 16 17 18 19 20

Testing | /o 1906| 45.119% | 45.35% | 45.17% | 45.11% | 45.11% | 54.89% | 42.37% | 53.26% | 45.13%
Accuracy %

The corresponding sparsity values for the 2nd and 17th iterations are 3 and 1 in order.

Table 4. 22: EEG sparsity levels for 16 hidden neurons

Iteration# | 1 2 | 3| 4 5|/ 6 | 7 8| 9 10
Sparsity | 5 3 9|1 1117 | 1 14| 13 4
Iteration# |11 | 12 | 13 | 14 | 15| 16 | 17 | 18| 19 | 20
Sparsity | 1 1 4 6 1] 1 1 5| 4 13

The RMSE values (in below table) which gives highest testing accuracy are very close to
each other with a difference between 0.04 which is a very small range that in respect to other

RMSE values’ variations.

The highlighted RMSE values have given testing accuracy 91.31%.
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Table 4. 23: EEG RMSE values for 16 hidden neurons

RMSE values
Sparsity

112 |3|4|5|6|7)| 8] 910111213 |14 |15 |16
1.08(1.36(1.001.03|0.99|1.46|1.55|1.57 (2.53|1.47|1.02|2.17|1.97|1.06 |1.46 |1.19
1.24(1.06 (1.02 |2.05|1.41|1.11|1.50|1.31 {1.21|2.05|2.66|1.86|1.21|1.06 |3.90 |2.42
1.08(1.54(1.681.28|1.31|2.60|2.56 {2.69 [{1.02 |1.38|2.66 |1.54|3.10|1.72 |2.70 |2.85
1.00(1.03(1.48|1.12|1.14|2.27|1.27|1.87 ({1.46|1.38|1.88|1.89|1.87|5.66 |3.21 |3.12
1.15(1.19(1.57|1.95|1.23|1.08|1.78{1.37 {1.39|1.92|1.02 |2.76|1.61|2.42 |1.78 |1.43
1.06{1.02 (1.25|1.23|1.02|2.62|1.00{1.20 {1.54|3.70(1.25|2.09|1.25|1.36 |/1.70 |1.20
0.99/1.06(1.68(1.92(1.424.52(2.23|1.69 |1.81|1.48|1.01|1.63|1.62|1.04 |3.65 |1.79
1.04{1.02 (1.84|1.01|2.61|1.12|3.31{1.02 {4.87|1.64|2.01|2.06|1.13|1.00 |1.35|3.43
1.61(2.78(1.991.87|1.93|1.90|1.07 |3.50 {1.94|2.513.25|2.13|1.05|2.09 |1.23 |1.09
1.93(1.45(1.97|0.99|2.30|2.79|1.01|1.38 (2.66 |3.24 |1.40|1.04|1.06 |3.40 |3.58 |2.87
1.00(1.59(1.011.24|1.23|1.42|1.06|2.25 ({2.03|1.94|2.91|2.20|3.10|2.72 |1.12 |1.07
1.00(1.65(1.02|1.69|1.01|2.20|1.10|2.22 {1.04|1.05|1.12|2.66|1.94|1.19 |2.34 |1.49
0.99/1.01(1.26]0.99(1.28 {3.65(1.11|1.36 |{1.00|2.84 |4.45|1.15(2.19(1.57 |1.98 |3.14
1.02(1.13(1.12|1.06|1.12|1.01|1.02{1.13 {1.02 |1.17 |1.34 |2.05|4.65|2.97 |1.04 |2.60
1.00(1.40(2.43|1.50|1.86|1.29|1.75|3.48 (2.56 |2.87 |1.34|1.14|1.46|1.24 |2.46 |2.59
1.00(1.52(1.18|1.16|1.10|1.02|1.62|1.48 {3.35|4.23|1.36|2.42|1.29|3.00 |3.63 |1.28
1.00(1.17(1.67|1.64|1.14|1.74|1.09{1.76 {3.20|1.77|1.00|1.71|5.32|1.70 |/1.23 |1.53
1.64(1.01(1.27|1.13|0.99|1.02|2.75|1.09 {1.31|1.08 |1.081.39|2.91/0.99 |2.66 |1.29
1.07(1.06 (1.09|1.05|1.44|1.45|1.78{1.26 [4.62|2.01|1.94|3.95|4.04|4.02 |3.64 |7.00
1.77(1.04 (1.66|1.80|2.842.96|1.31|1.62 ({2.52|1.97|3.75|3.19|1.03|2.21 |3.76 |4.09
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4.3.6 Time Performance Results

All four ELMs algorithms have been applied on the 3 studied datasets and time calculation
is measured for only the time needed to compute final output weight 8 and output of training
phase of the algorithms. The normalization of input attributes, testing outputs and accuracy
computation are not included in time performance calculation. All values of time in this
section are measured in milli seconds using the tic/toc MATALB functions.

For diabetes dataset, time performance is computed for the 3 standard ELMs and greedy
ELM using 4 — 8 hidden neurons and then 10 and 20 ones. Table 4.24 presents the time
needed to get the highest accuracy values. It is seen that whenever the number of hidden
neurons increases the more time it takes to calculate results. Additionally, comparing
between different algorithms the greedy algorithms has taken the lead of being the slowest

one with notable performance difference specially against the single hidden layer ELM.
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Table 4. 24: Time performance comparison for diabetes dataset

Algorithms number of hidden neurons
4 5 6 7 8 10 20
ELM 0.57 0.63 0.77 1.13 0.78 0.93 1.32
TELM 2.15 2.75 1.92 1.99 2.21 2.70 9.43

MELM (3) 3.66 2.67 2.67 3.36 3.39 4.09 7.63

MELM (4) 6.83 4.37 4.34 4.78 5.25 6.30 | 16.03

MELM (5) 4.65 4.68 5.50 6.54 9.41 7.94 | 14.58
Greedy ELM | 24.90 24.60 | 28.90 | 28.10 | 33.20 | 39.50 |134.30

Illustrating the results from Table 4.24 by a line chart, Figure 4.4 points out the variation in
time performance differences where the 3 standard ELMs have reached less than 20 MS for
the highest studied number of hidden neurons (20) while the greedy ELM has exceeded this

time with ~25 MS even using 4 hidden neurons.

P

Figure 4. 4: Time performance chart - diabetes dataset
Application of the algorithms on the Abalone dataset has also taken a place in the
experiment. Similarly, like the application on Abalone dataset to measure the testing
accuracy, 4 to 12 hidden neurons have been used to compute the time performance. Table

4.25 shows time performance which correspond to the highest testing accuracy.

On the other hand, Figure 4.5 emphasizes the differences between the 3 standard ELMs and
the greedy ELM where the standards ones are very close to each other and the greedy ELM

starts with more than 25 MS with the lowest number of hidden neurons and reaches 65%
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approximately for 12 hidden neurons. The multi hidden layers ELM with 5 hidden layers
has preserved the lowest performance among standards ELMs.

Table 4. 25: Time performance comparison for Abalone dataset

Algorithms Number of hidden neurons
4 5 6 7 8 9 10 11 12
ELM 0.98 1.62 1.11 1.06 1.30 151 1.34 1.84 1.54
TELM 8.75 3.96 4.38 4.58 5.54 5.74 6.35 7.12 7.46
MELM (3) | 17.40 | 6.30 7.21 7.76 899 |10.77 |11.70 | 12.31 | 12.36
MELM (4) | 8.63 9.94 |10.89 |13.62 | 16.15 | 15.85 | 24.06 | 21.86 | 21.23
MELM (5) | 11.08 | 13.30 | 1458 |18.33 | 19.84 | 2165 |24.08 | 3250 | 32.69
Greedy ELM | 31.90 | 2450 | 26.20 | 43.00 | 38.80 | 46.10 | 47.70 | 63.00 | 64.90

e AL s TEL M

MELM (3)

MELM [4) o AELM [5)

e Gre ey ELI

Figure 4. 5: Time performance chart - Abalone dataset
Lastly, time performance results of the EEG eye state dataset application using the four
algorithms have been aligned with previous dataset’s results. Using 8 to 16 hidden neurons
for the 14 inputs attribute EEG dataset, time performance has been computed and included
in Table 4.26. The MELM with 5 hidden layers has preserved longer time performance
comparing to standard ELMs. Likewise, greedy ELM time performance is much lower and

longer to train the algorithm.
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Table 4. 26: Time performance comparison for EEG dataset

Algorithm Number of hidden neurons

8 9 10 11 12 13 14 15 16

ELM 9.03 |11.88 | 6.51 3.99 3.65 | 4.33 7.20 7.66 8.46

TELM 22.05 | 2256 | 26.72 | 19.52 21.23 | 41.11 | 43.21 | 46.98 | 33.63

MELM (3) | 42.10 | 43.31 | 47.84 | 53.13 59.77 | 70.61 | 77.84 | 9255 | 95.05

MELM (4) | 59.44 | 5257 | 69.06 | 79.82 92.28 | 91.68 |122.54 |133.25 | 155.40

MELM (5) | 78.09 | 85.04 |100.99 | 95.76 | 118.90 |144.25 |167.55 |183.30 | 236.92

Greedy ELM | 90.50 |100.00 | 96.50 | 86.30 | 144.50 |228.70 |236.60 |256.00 | 612.50
300.00
250.00
200.00
150.00
100.00
50.00

e e —————
0.00

8 10 11 12 13 14 15 16
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Figure 4.6 illustrates the results presented in Table 4.26 and shows the time performance
differences for greedy ELM against other standards ELMs. The MELM time needed to
produce the output weights -with 5 hidden layers’ performance with 16 hidden neurons in
each hidden layer- is almost approaching the lowest time needed for the greedy ELM with 8

Figure 4. 6: Time performance chart - EEG dataset

hidden neurons for the greedy ELM.
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5. CONCLUSION AND FUTURE RESEARCH

Results show generally better accuracy performance for the multi hidden layer ELM in
compare with the other standard ELMs algorithms and greedy one. It can be concluded that
the testing accuracy linked to sparse approaches doesn’t always give a stronger relation
rather than the Moore-Penrose (MP) inverse approaches applied by the single, two and multi
hidden layers ELMs.

Since the maximum testing accuracy is considered in each iteration, it is not necessary that
the maximum testing accuracy to be corresponded to a unique RMSE but it corresponds to
a range of RMES. The relations between accuracy, sparsity and RMSE values — presented
in section 4.3.5 — shows that there is arrange of RMSE values which has given same or very
close accuracy for different sparsity levels.

The nature of the used datasets might have added influence on the experimental results since
they are binary classification and sparsity approach didn’t produce massive improvements
for testing accuracy for the studied datasets which might refute the theory of a correlation
between one or more input features and the targeted class. Sparsity level in greedy algorithm

refers to the necessary number of hidden neurons within an ELM hidden layer.

5.1 FUTURE RESEARCH RECOMMENDATIONS

Future research opportunities exist is various areas in this study. One of these is to penetrate
sparse approaches in the two and multi hidden layers ELMSs. In particular, sparse approach
can used on the first hidden layer of TELM and/or MELM and then iteration one time for
TELM and multiple iterations can be applied to achieve the output weights. One of the
difficulties that may arise during this approach is that the weight between the second
concealed layer and the subsequent layers should be a matrix. While the sparse approach
using greedy algorithms returns a sparse vector.

Training time has been studied as well to focus on the time performance effectiveness on the
ELM after penetrating sparse approaches. Results have pointed that the time performance
for sparse greedy ELMs would be weaker than standard ELMs specially when large number
of input attributes is considered. The reason behind this weaker performance might be
associated with the iteration applied for greedy algorithms.
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Figure 5.1 depicts the possible flow of how sparse techniques, particularly greedy
algorithms, may be used with several hidden layers. MELM methods can iterate for the
number of hidden layers for different numbers of hidden neurons using ELM for the outputs
of the weights between the first and second hidden layers. The output weights that correlate
to the lowest root mean square error would be the process's goal output.

After calculating the output weights, it would be used to estimate the output of the training.
Training accuracy then can be measured and it is recommended to evaluate the time needed
for the algorithm training as it can be used for further assessment of the algorithm.

Lastly, the output weights should have been saved a side during the training process and it
can be used directly to compute the estimated outputs. Testing accuracy would be driven
from the actual target outputs and the estimated outputs. A percentage of the correctly
estimated output from the total target ones can be calculated easily. The formed figures of
time performance during the training and the testing accuracy would be used to compere
results with standard ELMs and the greedy single hidden layer feed forward ELM.

Other potential factors can be extracted for the developed algorithm such as training

accuracy, training time, testing accuracy, testing time and the root mean squared error values.
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