
This material is reserved for educational use only, not allowed for commercial use. 

Forbidden to modify the content, and cite the document when use. 



Extended Extreme Learning Machine: Framework and
Applications

Boonnithi Jiaramaneepinit

Master of Engineering in Computing in Engineering System
International College

King Mongkut’s Institute of Technology Ladkrabang
Academic Year 2017

KMITL-2017-IC-M-11-04

This material is reserved for educational use only, not allowed for commercial use. 

Forbidden to modify the content, and cite the document when use. 



COPYRIGHT 2018

INTERNATIONAL COLLEGE

KING MONGKUT’S INSTITUTE OF TECHNOLOGY LADKRABANG

This material is reserved for educational use only, not allowed for commercial use. 

Forbidden to modify the content, and cite the document when use. 



Abstract
Machine learning has been one of the focus topics in research field for several real-world appli-

cations. One of the well-known machine learning systems is neural network. It becomes popular in

recent decades because its complexity can achieve satisfied results in several tasks. Generally, every

machine learning approach has its learning algorithms. For neural network, conventional method

in training is backward propagation of errors, or backpropagation in short. Even it is conventional

method, it has many drawbacks. Due to its iterative approach, it consumes a lot of computational

power and processing time.

In the last decade, Extreme learning machine (ELM) was proposed. It is used for training a

feedforward neural network with one hidden layer, also known as single-hidden layer feedforward

neural network (SLFN). It minimizes error by computing the weights of a network using a whole

dataset in one-shot calculation. This makes it trains the networks in very fast manners. However,

it has many difficulties when encounters with high-dimensional data. Because SLFN has no layer

in processing data from input layer into higher level features, this makes representation of data

does not being well appointed. Furthermore, training using ELM can become instability due to

its randomness in training procedure. In order to overcome these difficulties, Extended Extreme

Learning Machine (X-ELM) is proposed.

X-ELM extends ELM to predict the final outputs from output of several trained networks. It is

based on ensemble approach. In this research, X-ELM is applied to many real-world applications,

including classifying vehicle types, vehicle colors, and handwritten digits.
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Chapter 1

Introduction

1.1 Background

In the last decades, artificial neural network (ANN) has been developed and used in several

tasks, such as regression and classification [1, 2]. Due to its satisfied performance, it becomes

one of the most popular systems in research field. Although, the first developed structure of ANN

was very simple, rapid grown of its researches lead to more complex structures, i.g. deep learning

structures [3, 4].

Even with the complex structure of ANN, the learning algorithm being used is still conventional.

Such method is called backward propagation of errors, backpropagation (BP). It adjusts weights

between layers in ANN into proper values. Based on gradient descent, it iteratively computes for

errors and backpropagate through the network to fix the weights [5, 6]. Although, it is a conventional

method, this method still has many drawbacks. One of the well known drawbacks is its slow learning

speed. The speed of using BP is found to be slow due to its iterative calculation. As the results, BP

consumes a lot of computing resources and takes large amount of time to be completed [7, 8].

In order to conquer such drawbacks, Extreme Leaning Machine (ELM) was proposed by Huang

et al. [9]. It approximates weights and maps features to targets based on least-squares method.

Moreover, it can train networks very fast and has promising results. However, its performance still

has a room for improvement.
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1.2 Problem Descriptions

There are many advantages of using ELM instead of BP. First is that it has a better generalization

performance due to small norm of weights [10]. Furthermore, it minimizes errors based on least-

squares solution. However, for some tasks given high dimensional data, such as image classification,

ELM still shows a room for improvement [11]. As ELM is originally used for training single-hidden

layer feedforward neural network (SLFN), the structure has limitations which extracting data into

high level features. This leads to an incomplete representation of data in the network. Nevertheless,

the performances using ELM can be frustrated because of arbitrary initial weights.

1.3 Research Objectives

This research studies frameworks of ANN and conducts experiment on both ELM and the pro-

posed framework, namely Extended Extreme Learning Machine (X-ELM). Then the results are

compared. The objectives to be achieved are set as follows:

• To compare performance of ELM trained on SLFN and the new framework

• To compare performance trained on vehicle type, vehicle color, and hand written digits datasets

• To study the effectiveness of integrating ELM into real world applications

• To study the effectiveness of applying ELM for more complex ANN structure

1.4 Scope of the Study

This research focuses on constructing and measuring performance of a new neural network

framework. The research is conducted on three datasets, i.e. vehicle color, vehicle type, and hand

written digit classifying tasks. Performance measurement of each task is solely performed multiply

times, so that statistic values of performance can be calculated. In addition, performance is mea-

sured in term of both accuracy and computational time. The resources for vehicle color and type

dataset in this research are captured and processed by Saripan et al. [?]. On the other hand, the hand

2
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written digits dataset is the well known Modified National Institute of Standards and Technology

(MNIST) database.

1.5 Expected Contribution

This thesis proposes a novel neural network framework, Extended Extreme Learning Machine

(X-ELM), which shall be used for achieving better performance in real world application. It shall

circumvent the previously mentioned difficulties of ELM.
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Chapter 2

Literature Review

This chapter is devoted for literature review, which includes past studies, related works and

theories that involve in this research. There are two main topics to be discussed: machine learning

and real world application. Detailed information can be found in following sections.

2.1 Machine Learning

Machine learning is an ability of a computing software to solve a problem or do a task with-

out explicitly programmed to do so. Moreover, it is also considered as in a boundary of artificial

intelligence researching field. There are several computing system available for machine learning.

However, in this research, ANN is solely focused. This includes single-hidden layer feedforward

neural network model and multi-hidden layer feedforward neural network. The details of these

models and their learning algorithm will be described in following subsections.

2.1.1 Single-Hidden Layer Feedforward Neural Network

A single-hidden layer feedforward neural network (SLFN) is one of the simplest architectures

of ANN. It is directed, and there are no cycles in it. For this architecture, data as signal moves in

one direction, from input layer to hidden layer, and from hidden layer to output layer, as shown in

Figure 2.1.

Each node in hidden layer sum all products of nodes’ output from the previous layer with cor-

4
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Figure 2.1: A single hidden layer feedforward neural network

responding weights. Furthermore, the summed signal is sent to an activation function in order to

create non-linearity inside the network. This allows the predictive models be able to learn more

complex data. The other main components of ANN are activation function and learning algorithm.

The traditional algorithm is backpropagation. It has a huge drawback which is its iteratively com-

puting based on gradient descent [12].

2.1.2 Multi-Hidden Layer Feedforward Neural Network

A multi-hidden layer feedforward neural network is another architectures of ANN. Generally,

it has more complexity than SLFN. As is is feedforward, it is also directed, and there are no cycles

inside. For this architecture, similar to SLFN, data moves in one direction, from input layer to first

hidden layer, and from first hidden layer to second hidden layer, and so on until it reach output layer.

2.1.3 Extreme Learning Machine

Extreme Learning Machine (ELM) was proposed as learning algorithm in the last decade. It

has a generalization performance for SLFN based on least-square error. According to Huang et al.,

this learning algorithm is able to solve three issues, which are intensive human intervention, slow

learning speed, and poor learning scalability [13]. In addition, by training SFLN using ELM also

5
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helps in decrease training time significantly.

There are several classification tasks that work well when using ELM, i.e., optical character

classification (OCR) and traffic sign classification [14, 15]. Although ELM shows results that out-

perform other approach in many applications, there is still room for the improvement. Thus, this

study focuses on constructing and measuring performance of neural network’s framework trained

with based on ELM. Details are discussed in the following chapter.

2.2 Real World Application

This work focuses on constructing architecture for real world tasks’ classifiers, including classi-

fiers in traffic surveillance and OCR system. The classification in traffic surveillance system divides

into two main tasks. One of the tasks is vehicle type classification, and another one is vehicle color

classification. The classification experiment for OCR system is hand written digits.

2.2.1 Vehicle Classification in Traffic Surveillance

Traffic surveillance cameras are set in several metro areas nowadays. They have several ob-

jectives. One of theirs objectives is to monitor unexpected circumstances. Other is to search for

vehicles in traffic system. There is many cases where staffs or police officers spend time on find-

ing some targeted vehicles by watching streaming video through the monitor. This takes a lot of

effort. Moreover, it could lead staffs to eye fatigue. Nevertheless, with inappropriate environment

low searching accuracy might be gotten [16]. For these reasons, an automatic vehicle classifying

system are studied.

In the past, there are many proposed systems. Chang et al. applied deep convolutional neural

network for capturing high level features then doing classification of vehicles [17]. Saripan et al.

used decision tree based approaches to classify vehicle’s characteristic [18]. However, most of

them needs huge amount of resources or consumes a lot of training time. For this reason, this study

proposes and applies frameworks for classifications which have high accuracy and consume small

amount of training time.

6
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2.2.2 Modified National Institute of Standards and Technology

The Modified National Institute of Standards and Technology (MNIST) database is a database

of handwritten digits. It is a sub-dataset of National Institute of Standards and Technology (NIST)

database. The image of digits has been centered and normalized into same size. There are 60,000

training samples and 10,000 testing samples. As the task of MNIST is to recognize digit characters,

MNIST is widely used for training, validating, and testing models in machine learning research

field. Details of the dataset will be explained in Section 5.4.
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Chapter 3

Background Knowledge

This chapter introduces various notions and concepts that is used in this research. Concise

explanation, including fundamental information, will pointed out.

3.1 Single-Hidden Layer Feedforward Neural Networks

A single-hidden layer feedforward neural network (SLFN) is a architecture of neural network

which contains a hidden layer of hidden nodes. It composes of processing units and directed weight,

which are same as typical ANN.

Processing units or simple processing units can also be called nodes. Output of each node pass

to an activation function. The resulted signal is then send to next corresponding nodes layer in the

network. Equation (3.1) is an well-known activation function, namely sigmoid function. This study

is based on this activation function.

f(x) =
1

1 + e−t
(3.1)

Another component in SLFN is a learning algorithm. Before SLFN is be able to be used to

predict, it requires network’s training. In the training, weighted links are adjusted to appropriate

values.

For N instances (xi, ti) where input vector xi = [xi1, xi2, ..., xin]
T ∈ Rn and expected output

8
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vector ti = [ti1, ti2, ..., tim]
T ∈ Rm, SLFNs with N̂ hidden nodes are mathematically modeled as

yj =
N̂∑
i=1

βββig(wi · xj + bi), for j = 1, ..., N (3.2)

where wi = [wi1, wi2, ..., win]
T is a vector of weighted links from input nodes to ith hidden node,

βββi = [βi1, βi2, ..., βin]
T is a vector of weighted links from the ith hidden node to output nodes, and

bi is the threshold of the ith hidden node [13].

In training process, yj in Equation (3.2) is substituted with expected output vector tj and is

written as

tj =
N̂∑
i=1

βββig(wi · xj + bi), for j = 1, ..., N (3.3)

Equation 3.3 can also be written as

T = Hβββ (3.4)

where

H =


g(w1 · x1 + b1) . . . g(wN̂ · x1 + bN̂)

... . . . ...

g(w1 · xN̂ + b1) . . . g(wN̂ · xN̂ + bN̂)

 ,βββ =


βββT
1

...

βββT
N̂

 ,T =


tT1
...

tTN

 .

H is called the hidden layer output matrix. The ith column of H is the output of ith hidden node with

x1, x2, ..., xN as inputs [9].

In this study, SLFN is used as a simple neural network model in experiment for performance

of ELM. Moreover, more complex architecture will be introduced in Chapter 4. The results are

compared in experiments.

3.2 Learning Algorithm

A learning algorithm is an algorithm which neural network uses for learning data. The goal of

learning is to find proper weights that minimize the error; in other words, maximize the accuracy.

There are various learning algorithm that can be applied, for example, gradient descent, algebraic

approach, newton’s method, etc. However, in this project, only one approach is mainly focus, which

9
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is ELM based on algebraic computation.

3.2.1 Extreme Learning Machine

Extreme learning machine (ELM) was originally proposed as a learning algorithm for SLFN

[9]. It was claimed that it solves problems of slow speed of gradient learning and the tuning of

iterative parameters [19].

In ELM, weights between input layer and hidden layer are randomly generated. Then, weights

between hidden layer and output layer are calculated. It means that not all weights need to be

calculated. As it is one-shot calculation, it does not need an iterative computation, like BP.

Generally, ELM is processed by four following steps:

1. Arbitrary generate weight wi between input layer and hidden layer

2. Arbitrary generate bias bi

3. Compute for the output matrix H of hidden layer

4. Compute the output weights βββ using Equation (3.5)

βββ = H†T (3.5)

For the SLFN, the objective of a learning algorithm is that it need to find wi, bi, and βββ such

that ||Hβββ − T|| becomes minimum as much as possible; in other words, to minimize an error. The

only weight that needs an adjustment is weight βββ. Then the solution based on smallest norm of

least-squares error is calculated from Equation (3.5) where H† is the Moore-Penrose generalized

inverse of H. Comparing ELM to BP, ELM has several advantages. Following is a list of main

advantages:

1. No iterative calculation

2. A unique solution based on minimum norm least-squares error

3. Minimum training error regardless of local minimum

4. Generalization performance due to smaller norm of weights [20]

10
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Raw Feature
One Hot Encoded Features

Feature 1 (“Apple”) Feature 2 (“Banana”) Feature 3 (“Orange”)

“Apple” 1 0 0

“Banana” 0 1 0

“Orange” 0 0 1

Table 3.1: Examples of transforming a raw feature into one hot encoded features

3.3 One Hot Encoding

One hot encoding is a way to transform a categorical discrete feature into zero-one scheme

features. In sklearn documentation [21], it said that “Encode categorical integer features using a

one-hot aka one-of-K scheme”. For example, if the feature categorizes into “Apple”, “Banana”,

and “Orange”, “Apple” would be encoded into (1, 0, 0), while “Banana” would be encoded into (0,

1, 0) and “Orange” would be encoded into (0, 0, 1). This is also shown in Table 3.1.

11
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Chapter 4

Methodology

This chapter introduces the methods use and conduct in this study. The first section, Extended

Extreme Learning Machine, will explain about the architectures models for the experiments. The

following three sections, i.e. vehicle type, color classification, and MNIST using neural networks,

will describe parameters tuned for each dataset.

4.1 Extended Extreme Learning Machine

Extended Extreme Learning Machine (X-ELM) uses ELM as an extension in order to predict

the final outcome. Based on ELM, X-ELM attaches one or more predictive models together by

extending neural network trained with ELM. The architecture of a neural network based on X-

ELM can be depicted as shown in Fig. 4.1. In this research, predictors are referred to regressors

and classifiers of an any model.

As depicted in Fig. 4.1, X-ELM composed of three main components, i.e. input layer, hidden

layer, and output layer, which are seem to be same as conventional SLFN. However, it differs inside

the layer. X-ELM takes predictive models to the input layer. Models m1, m2, . . . , mM in Fig. 4.1

illustrate those aforementioned predictive models. Another two layers are same as SLFN.

X-ELM framework can be divided into two cases. First is a case which all models are neural

networks. Figure 4.2 illustrates such a case. It contains P neural networks with M hidden nodes

and R hidden nodes for the extended network. This can be denoted as (P × M, R). Second is a case

which predictive models are differed. Figure 4.3 depicts such a case.
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Figure 4.1: Extended Extreme Learning Machine
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Figure 4.2: Extended Extreme Learning Machine framework with neural networks as all predictors
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Figure 4.3: Extended Extreme Learning Machine framework with multiple machine learning ap-
proaches as predictors
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4.1.1 Procedures of Constructing X-ELM

The steps of modeling and training neural network based on X-ELM are shown as in the fol-

lowing:

1. Model predictors (can be any number of regressors and classifiers, i.e. artificial neural net-

work, random forest, support vector machine, etc.)

2. Train the modeled predictors with a whole training dataset or subset of training dataset

3. Feed a training dataset or subset of training dataset to all trained predictors

4. Combine their outputs by putting them together into a matrix (one-hot encoding can be ap-

plied if necessary)

5. Use this matrix as an input for training an extended network using ELM

6. Follow steps of ELM in training the extended part of neural network

7. Make final decision based on classification probabilities of each class

Note that each predictor can be tuned as weak learners as well.

4.2 Classifying Tasks

In this study, there are 3 tasks designed for measuring performance of different approaches. The

3 tasks are vehicle type classifying task, vehicle color classifying task, and MNIST OCR task. The

overview of each task will be described in following subsections.

4.2.1 Vehicle Type Classification

Vehicle type classification for traffic surveillance system is a process of classifying input data

into a type of vehicle. Instead of using image as an input, in the study, preprocessed dataset is used.

There are several techniques that can be used for solving a classification problem. However, neural

network is the only focused system in this study. The types are encoded using one hot encoding

before being trained in neural network.
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4.2.2 Vehicle Color Classification

Vehicle color classification is a process of classifying input data into a color. Similar to vehicle

type classification, the dataset used for conducting experiments for vehicle color classification is

also preprocessed as well.

4.2.3 Modified National Institute of Standards and Technology Optical Char-

acter Recognition

Modified National Institute of Standards and Technology (MNIST) Optical Character Recogni-

tion (OCR) is a process of classifying number digits, ”0” to ”9”. The input to predictors is an image

with size of 28 by 28 pixel. The output is the label of number digits. To make the dataset works in

classification using neural network, one hot encoding is applied for the output.
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Chapter 5

Experimentation and Results

First, in this section, there will be explanations and lists of environment and development tools

used in this research. Furthermore, processes of development each classifier are further pointed out

individually according to the procedures of each computing system. Last, the results achieved in

the experiment are summarized and discussed.

5.1 Development Environment

Experiments in this work are all conducted in MATLAB R2017b. Moreover, the experiments

are performed on a computer with specifications mentioned in Table 5.1. Additional MATLAB’s

functions used in the experiments are shown in Table 5.2. Note that MATLAB allows maximum

size array of 30256 megabytes.

Processor AMD Ryzen 7 1700X Eight-Core Processor,

3500 MHz, 8 Cores, 16 Logical Processors

Physical Memory Capacity 16.0 GB

Physical Memory Type DDR4

Physical Memory Speed Bus 2133 MHz

Operating System Microsoft Windows 10 Pro 10.0.16299 Build 16299

Solid State Drive SanDisk Ultra II 480GB

Table 5.1: Specifications of the experimental computer
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External MATLAB’s Function Name Purpose
ELM Train and test based on ELM approach

loadMNISTImages Load and return a 28 by 28 by [number of images] matrix

containing the raw MNIST images

loadMNISTLabels Load and return a vector with a size of [number of images]

containing the labels for the MNIST images

Table 5.2: List of additional third party MATLAB’s function

5.2 Experiment 1: Vehicle Type Classification

5.2.1 Objective

This experiment is conducted to measure and compare accuracies and time consumptions during

the training process between different learning algorithms for different neural network architectures

for classifying a vehicle type. The two approaches experimented are ELM and X-ELM.

5.2.2 Experiment Setup

The experiment is set up as follows:

Dataset: The experiments are conducted with dataset from [18]. There are 914 instances. Each

instance consists of 5 attributes and 4 labeled classes. The 5 attributes are X coordinate from top-

left corner of an original image, Y coordinate from top-left corner of an original image, height of

a processed image, width of a processed image, and area’s ratio of vehicle over background of a

processed image. The 4 classes are small, medium, large, and unknown. Moreover, the lists of

attributes and labeled class mentioned can also be seen in Table 5.3. The data type of the first four

attributes are integer of pixels, while the fifth attribute is a floating number. In addition, two third

of the dataset is divided to be used as training data and other one third is used in testing. These sets

are randomly chosen from the whole dataset.
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Attributes Labeled Classes
X coordinate (from top-left corner) Small

Y coordinate (from top-left corner) Medium

Height Large

Width Unknown

Area’s ratio of vehicle over background

Table 5.3: List of attributes and labeled classes in vehicle type classification

5.2.3 Evaluation Models

To make a comparison of performance between ELM and X-ELM, four evaluation models are

designed. The first three models are based on ELM, while the forth model is based on X-ELM.

Table 5.4 shows details and parameters tuned. In this context, hidden nodes are referred to neural

nodes in a hidden layer.

In addition, models ELM1, ELM2, and ELM3 have the same framework of training and activa-

tion function, they differ in number of hidden nodes inside the network’s architecture. The number

of hidden nodes are differed for an observing of their effects had on performance.

The forth model, XELM1, is constructed differently. It differs from the first three ELM based

models by both framework and network’s architecture. It uses X-ELM as a framework and an

architecture for having multiple SLFNs. Mark that the models in input layer of X-ELM based

framework are actually the model of ELM. This makes the network contained more complexity.

Numbers of hidden nodes are defined by two numbers, i.e. a number of hidden nodes for input

predictors, which is 10, and a number of hidden nodes for the extended part of the network, which

is 40. Nevertheless, number 3 refers to a number of predictors created for input.

5.2.4 Results

The resulted performances are measured in two terms, i.e. testing accuracy and training time.

Testing accuracy is measured in percentage. It is calculated by dividing a number of correctly

classified vehicle type by a number of all vehicle times one hundred. Thus, the possible range of

testing accuracy is from 0 to 100. Furthermore, training time is measured of how long the training
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Model Framework Architecture
Activation Number of

Function Hidden Nodes

ELM1 ELM SLFN Sigmoid 10

ELM2 ELM SLFN Sigmoid 50

ELM3 ELM SLFN Sigmoid 100

XELM1 X-ELM Multiple SLFNs Sigmoid (10 × 3, 40)*

* There are 3 sub-classification models contained 10 neural nodes in their hidden layer. The
extended network contains 40 neural nodes in its hidden layer.

Table 5.4: Information of models used in experiments and evaluation for Experiment 1 and Exper-
iment 2

took to completed the model. This excludes the time used for preprocessing.

The details of results are shown in Table 5.5. For graphical representation of Table 5.5, they are

shown in Figure 5.1 and Figure 5.2. In addition, as the initial input weights are arbitrary generated, a

hundred time of evaluations are performed to measure the average performance, peak performance,

and the stability of a model. Four statistic values are shown, i.e. minimum, mean, maximum, and

standard deviation.

As shown in Table 5.5, model XELM1 achieves the better values in every statistic measurement.

It shows that it can outperform the original ELM in both higher average and peak accuracies with

lower standard deviation. However, it consumes time more than the ELM based models. This may

be due to the constructing time of predictors. Although, the training time using X-ELM is higher

than ELM, it still take only at most around 80 milliseconds. Therefore, in this experiment, X-ELM

shows a better accuracy than ELM with acceptable amount of time using for training.

5.2.5 Summary

In This experiment, classification dataset of vehicle type is used. ELM achieves an average

accuracy of 83.35% with standard deviation of 1.78. The maximum accuracy of 87.21% is achieved

by ELM. For X-ELM, it outperforms accuracy of ELM in all statistic measurements. The higher

average accuracy of 83.85% with lower standard deviation of 1.69 is achieved. Moreover, the peak

accuracy of X-ELM experimented is 89.18%. On the whole, X-ELM perform better accuracies and
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Model
Testing accuracy (%) Training time (ms)

Min Mean Max SD Min Mean Max SD

ELM1 65.90 75.59 84.26 3.55 13.78 17.13 32.01 2.84

ELM2 74.43 82.46 86.89 2.12 15.93 19.22 28.39 2.30
ELM3 78.03 83.35 87.21 1.78 20.07 24.81 39.07 3.06

XELM1 80.33 83.85 89.18 1.69 61.26 67.85 80.92 3.36

Table 5.5: Comparison table of testing accuracy and training time of three ELM based models and
one X-ELM based model for vehicle type classifying task

lower standard deviation of each run.

5.3 Experiment 2: Vehicle Color Classification

5.3.1 Objective

This experiment is conducted to measure and compare accuracies and time consumptions be-

tween two approaches for classifying vehicle color. The two approaches are ELM and X-ELM.

5.3.2 Experiment Setup

The experiment is set up as follows:

Dataset: Dataset from [18] is used for conducting experiments for vehicle color classification.

All in all, 914 instances were collected. The dataset composes of 3 attributes, i.e. hue, saturation,

and luminance in HSL color space, and 7 labeled classes, i.e. black, white, red, blue, yellow, green,

and unknown. In addition, the 3 attributes are integer value ranged from 0 to 255. Furthermore, all

evaluation models are trained with two third of the dataset and tested with another one third. For

each run, instances for train and test are randomly selected based in mentioned ratio.

two third of the dataset is used as training data and other one third is used in testing
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Attributes Labeled Classes
Hue Black

Saturation White

Luminance Red

Blue

Yellow

Green

Unknown

Table 5.6: List of attributes and labeled classes in vehicle color classification

Model
Testing accuracy (%) Training time (ms)

Min Mean Max SD Min Mean Max SD

ELM1 65.57 72.02 78.36 2.40 11.24 13.85 18.67 1.21
ELM2 70.82 75.46 80.33 2.20 13.47 17.09 46.27 3.62

ELM3 68.52 74.06 79.02 2.28 17.89 21.04 32.27 2.53

XELM1 71.80 75.92 81.31 1.98 70.67 79.37 89.80 5.10

Table 5.7: Comparison table of testing accuracy and training time of three ELM based models and
one X-ELM based model for vehicle color classifying task

5.3.3 Evaluation Models

The details of evaluation models are described in Table 5.5. Evaluation models for vehicle color

classification are set to be same as vehicle type classification. See subsection 5.2.3 for more details.

5.3.4 Results

The performances are measured in two terms which are same as measured in evaluating classi-

fiers for a vehicle type. The outcome are shown in Table 5.7. Figure 5.3 and figure 5.3 represent

Table 5.7 in graphical form. In addition, as the initial input weights are arbitrary generated, a hun-

dred time of evaluations are performed to measure the average performance, peak performance,

and the stability of a model. Four statistic values are shown, i.e. minimum, mean, maximum, and

standard deviation.
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Figure 5.3: Comparison between models of all statistical measurements of testing accuracy on vehicle’s color classification
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Figure 5.4: Comparison between models of all statistical measurements of training time on vehicle’s color classification
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5.3.5 Summary

This second experiment is conducted based on vehicle color classifying task. In this experi-

ment, X-ELM also outperform ELM in all evaluated statistic measurements. ELM achieves testing

accuracies of 70.82%, 75.46%, 80.33%, and 2.20% for minimum, mean, maximum, and standard

deviation, respectively. X-ELM outperforms these with testing accuracies of 71.80%, 75.92%,

81.31%, and 1.98% for minimum, mean, maximum, and standard deviation, respectively. How-

ever, X-ELM consumes time more than ELM as it construct several ELM based network inside.

All in all, X-ELM achieves better accuracies with lower of its variation.

5.4 Experiment 3: Modified National Institute of Standards and

Technology Optical Character Recognition

5.4.1 Objective

This experiment is conducted to measure and compare accuracies and time consumptions be-

tween two approaches for recognizing or classifying hand written digits based on MNIST dataset.

The two approaches are ELM and X-ELM.

5.4.2 Experiment Setup

The experiment is set up as follows:

Dataset: This experiment is conducted with dataset from MNIST. It is a dataset of hand written

digits, from 0 to 9. In total, the dataset contain 60,000 instances of training data and 10,000 instances

of testing data. Each of data instance composes of 28 by 28 pixels gray scale image as input features

and 1 labeled classed of that image’s digit as an output target. In addition, some sample from MNIST

dataset is provided as shown in Figure 5.5. Moreover, list of attributes and labeled classed can also

be viewed from Table 5.8.
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Figure 5.5: Sample images from MNIST dataset
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Attributes Labeled Classes
28 by 28 pixels gray scale image Label “0”

Label “1”

Label “2”

Label “3”

Label “4”

Label “5”

Label “6”

Label “7”

Label “8”

Label “9”

Table 5.8: List of attributes and labeled classes in MNIST OCR

5.4.3 Evaluation Models

Models designed for this experiment are differed from the first two experiments. This is due to

the task’s complexity. In this experiment, 6 ELM based networks and 6 X-ELM based networks

are evaluated. The details are shown in Table 5.9.

From Table 5.9, the first six models ELM4, ELM5, ELM6, ELM7, ELM8, and ELM9 have

the same framework and activation function, which are ELM and sigmoid, respectively. How-

ever, number of hidden nodes are varied to observe effects on performance. The later six models

XELM2, XELM3, XELM4, XELM5, XELM6, and XELM7 is constructed based on X-ELM. They

are varied by number of predictors and number of hidden nodes. As MATLAB allows maximum

array size of 30,256 megabytes, the maximum number of hidden neural node that can be created in

this experiment is limited to 12,000.

5.4.4 Results

In this experiment, testing accuracy and training time are both focused and recorded. Testing

accuracy is measured in term of percentage, range from 0 to 100, while training time is measured

in term of seconds.
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Model Framework) Architecture
Activation Number of
Function Hidden Nodes

ELM4 ELM SLFN Sigmoid 1,000

ELM5 ELM SLFN Sigmoid 2,000

ELM6 ELM SLFN Sigmoid 3,000

ELM7 ELM SLFN Sigmoid 5,000

ELM8 ELM SLFN Sigmoid 10,000

ELM9 ELM SLFN Sigmoid 12,000

XELM2 X-ELM Multiple SLFNs Sigmoid (1,000 × 3, 200)*

XELM3 X-ELM Multiple SLFNs Sigmoid (2,000 × 3, 200)*

XELM4 X-ELM Multiple SLFNs Sigmoid (3,000 × 5, 400)*

XELM5 X-ELM Multiple SLFNs Sigmoid (5,000 × 5, 400)*

XELM6 X-ELM Multiple SLFNs Sigmoid (10,000 × 7, 600)*

XELM7 X-ELM Multiple SLFNs Sigmoid (12,000 × 7, 600)*

* (M × P, R) There are P sub-classification models contained M neural nodes in their hidden
layer. The extended network contains R neural nodes in its hidden layer.

Table 5.9: Information of models used in experiments and evaluation for Experiment 1 and Exper-
iment 2

Due to limited resources, in this experiment, number of trials for each model run is designed to

be ten. The results are shown in Table 5.10. First column is model names, whereas second column

shown testing accuracies achieved for each model. The last column shows time consumed during

the training of each model. Furthermore, the table is also represented in graphical form shown in

Figure 5.6 and Figure 5.7. As there is limited array size, two models are highlighted out and shown

in Figure 5.8. Note that graph showing training time in this experiment is displayed in logarithm

scale.

With limited size of array, X-ELM allows to achieve better testing accuracy than ELM. However,

it uses more time in training. The peak accuracy of 98.23% is achieved by X-ELM framework

based network. The network consists of seven SLFN with 12,000-hidden nodes and another 600-

hidden nodes SLFN as an extended part to combined those first seven SLFN. Total training time of

11,289.43 seconds is consumed.
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Model
Testing accuracy (%) Training time (s)

Min Mean Max SD Min Mean Max SD

ELM4 93.30 93.52 93.74 0.14 15.36 15.64 15.82 0.16

ELM5 95.17 95.32 95.50 0.10 47.13 47.70 48.59 0.50

ELM6 95.89 96.08 96.32 0.13 101.59 105.66 110.46 3.14

ELM7 96.67 96.89 97.11 0.13 224.80 232.12 239.56 6.18

ELM8 97.39 97.57 97.73 0.11 977.71 1,020.76 1,060.07 29.67

ELM9 97.56 97.71 97.84 0.09 1,529.14 2,030.77 3,546.92 584.21

XELM2 94.87 95.02 95.13 0.10 51.47 52.01 52.64 0.40

XELM3 96.08 96.18 96.28 0.06 147.12 148.74 151.11 1.10

XELM4 96.90 96.97 97.10 0.07 525.93 538.29 553.12 10.78

XELM5 97.36 97.51 97.62 0.08 1,132.63 1,164.47 1,201.73 31.51

XELM6 98.06 98.11 98.18 0.04 6,876.46 7,365.97 9,539.34 851.60

XELM7 98.16 98.22 98.30 0.04 10,746.96 12,300.46 15,633.01 1,559.29

Table 5.10: Comparison table of testing accuracy and trainings of six ELM based models and six
X-ELM based models for MNIST OCR task

Note that, in the experiment, non of multi-threading techniques is used. Only single thread

coding is implemented.

Furthermore, Figure 5.6 illustrate that the trend of testing accuracy still increasing. As high-

lighted in Figure 5.6 and Figure 5.8, X-ELM highlighted in green shows that it could lower the

variation of testing accuracy comparing to ELM highlighted in blue. Moreover, it also rises the

accuracy too.

5.4.5 Summary

For this experiment, dataset of MNIST OCR is used. With a limited size of array, X-ELM

achieves a maximum accuracies of 98.30%, while ELM achieves a maximum accuracies of 97.84%,

Moreover, standard deviation of X-ELM is just 0.04, which is more than twice lower than of ELM.

Similar to the first two experiments, the additional testing accuracy comes with trade off of training

time.
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Figure 5.6: Comparison between models of all statistical measurements of testing accuracy on MNIST OCR
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Figure 5.7: Comparison between models of all statistical measurements of training time on MNIST OCR
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Figure 5.8: Comparison between two highlighted models of all statistical measurements of testing accuracy on MNIST OCR
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In this chapter, the experiments are designed and conducted in order to evaluate performance

of both ELM and X-ELM. The detailed summarize are described. In addition, the conclusion will

be discussed in following chapter.
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Chapter 6

Conclusion

This study is mainly focused on the proposed Extended Extreme Learning Machine (X-ELM).

It is experimented with three classifying tasks, i.e. vehicle type, vehicle color, and Modified Na-

tional Institute of Standards and Technology character classifications. The performances are then

compared with the original Extreme Learning Machine (ELM).

In this study, there are three experiment’s setups designed for each task. In every task, X-ELM

could achiever better testing accuracy than original ELM. However, it takes more training time.

Due to sequential training each predictor in X-ELM, it does not consume more memory than ELM.

X-ELM shows possibility of more complexity network comparing to ELM. ELM can only used

to train SLFN, while X-ELM can stack networks into a deeper network. Moreover, with limited

resources, e.g. memory, it can achieve higher accuracy. In conclusion, X-ELM gives more overall

consistent accuracy in term of both higher average testing accuracy and lower standard deviation.

Moreover, with limited amount of memory usage, X-ELM shows a possibility of getting a higher

testing accuracy. These advantages come with the trade-off in amount of training time consumed

and slightly more parameters tuning.
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Chapter 7

Discussion

Although the proposed framework seem to work very well in many applications, it can be further

improved in several model aspects. The neural based X-ELM model can be stacked to create deeper

networks, e.g. one X-ELM inside another X-ELM. Furthermore, each predictive model inside can

be different parameters, e.g. different number of hidden nodes.

As the experiments are all done in sequential training. If parallel processing is applied, more

resources of memory may be needed because each predictor in X-ELM required its own resources

in training.

The author also perform minor experiments in many other datasets, i.e., iris flower dataset, ecoli

dataset, and forest fires dataset, as well. For these dataset, the author did not measure the stability.

However, from the author’s observation, X-ELM could perform and achieve higher peak accuracy

than ELM can. Nevertheless, the model can be improved by varying predictive models, such as

including Random Forest or Support Vector Machine.
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