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Extended Hierarchical Extreme Learning
Machine with Multilayer Perceptron

Khanittha Phumrattanaprapin ! and Punyaphol Horata?, Non-members

ABSTRACT

The Deep Learning approach provides a high per-
formance of classification, especially when invoking
image classification problems. However, a shortcom-
ming of the traditional Deep Learning method is the
large time scale of training. The hierarchical extreme
learning machine (H-ELM) framework was based on
the hierarchical learning architecture of multilayer
perceptron to address the problem. H-ELM is com-
posed of two parts; the first entails unsupervised mul-
tilayer encoding, and the second is the supervised fea-
ture classification. H-ELM can give a higher accuracy
rate than the traditional ELM. However, there still re-
mains room to enhance its classification performance.
This paper therefore proposes a new method termed
the extending hierarchical extreme learning machine
(EH-ELM), which extends the number of layers in the
supervised portion of the H-ELM from a single layer
to multiple layers. To evaluate the performance of
the EH-ELM, the various classification datasets were
studied and compared with the H-ELM and the mul-
tilayer ELM, as well as various state-of-the-art such
deep architecture methods. The experimental results
show that the EH-ELM improved the accuracy rates
over most other methods.

Keywords: Hierarchical Extreme Learning Ma-
chine, Hierarchical learning, Multilayer Perceptron

1. INTRODUCTION

The Extreme Leaning Machine (ELM) is one of the
most popular algorithms for regression and classifica-
tion. Guang-Bin Huang, et al., 2012 [1] proposed
an ELM based on the least squares approach. The
ELM is capable of learning from a simple structure
called the single layer feedforward neuron networks
(SLFNs) [2, 3]. Within the ELM learning process,
input weights and biases are randomly generated in
hidden layers which calculate and compute the out-
put weights. The ELM offers better performance
and faster training time scales than traditional algo-
rithms; such as the back propagation (BP) [4] and the
support vector machine (SVM) [5]. Many researchers
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and application developers have applied ELM in vari-
ous applications, such as face classification [6], image
segmentation [7], human action recognition [8], and
power-load forecasting [9, 10].

Although ELM is a fast learning method, many
researchers have developed numerous ways to im-
prove the ELM. Kasun, et al., 2003 [11] developed an
adapted version of the ELM, referred to as the Mul-
tilayer Extreme Learning Machine (ML-ELM), which
increases the number of layers in each network. ML-
ELM learning is achieved through a building block
approach using an ELM-based autoencoder for clas-
sification problems. Each layer of the training net-
work is represented as hierarchical learning, stacked
layer by layer, suitable for learning within large sized
datasets. In ML-ELM training, input weights and bi-
ases are orthogonal and randomly generated within
hidden parameters. Through this method, the ML-
ELM demonstrated superior performance over the
traditional ELM within large datasets. The ML-ELM
differs from other multilayer schemes, such as the
Deep Belief Network (DBN) [12] and the Deep Boltz-
mann Machine (DBM) [13], because it does not need
to fine-tune its parameters. In the decision making
process of the ML-ELM, prior to the supervised least
mean square optimiaztion, the encoding outputs are
directly fed into the last layer, which calculates out-
put weights, without random feature mapping. While
the ML-ELM might not use all of the learning advan-
tages of the ELM [1], the universal approximation
capability [14] of the ELM requires the feature map-
ping of inputs in order to calculate the final results.

Meanwhile, the hierarchical learning schemes are
designed to be usable with large datasets. Example
algorithms include the deep learning (DL) approaches
[15,16], in which the deep architectural [17] learn-
ing schemes are represented as multiple levels. DL
is used for complicated, multi-feature extraction, in
order to learn how to automatically produce features
in the higher layers from the lower layers. The extrac-
tion process is based on an unsupervised learning ap-
proach, in which the output of the unsupervised parts
provide the inputs of the supervised learniing parts.
The DL approach based on the BP algorithm requires
multiple fine-tuning of the network parameters. The
complicated DL structure affects the learning speed,
which is very slow in large sized datasets.

The hierarchical ELM (H-ELM) [18,19] was pro-
posed to address this problem, which combined the
ELM with the hierarchical learning approach. The
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H-ELM consists of two parts: 1) the unsupervised
feature extraction part: the endoding of the input
dataset via the sparse autoencoder (based on the
ELM autoencoder), and 2) the supervised feature
classification part: the single layer used to compute
the final output weights, similar to the original ELM.
However, the H-ELM may modify the second part to
improve classification performance.

The limitations of the supervised classification
part of the single layered H-ELM have inspired
the use of such deep architecture concepts, such as
the two-hidden-layer extreme learning machine (T-
ELM),. Qu, et al., 2016 [20], which increases the the
single layer of the original ELM to two layers. The
performance and testing accuracy of the T-ELM were
higher than the those of the batch ELM. Therefore,
in order to improve the performance of the H-ELM,
we propose herein a modified version of the H-ELM,
referred to as the extended hierarchical extreme learn-
ing machine (EH-ELM), in which the second part of
the proposed method (supervised classification train-
ing) extends to two or more layers.

The rest of this paper is organized as follow: the
next section introduces preliminary related works,
consisting of general information and concepts of the
ELM. The third section describes the proposed EH-
ELM framework, and the fourth section contains the
performance evaluation with which to verify the effi-
ciency of the EH-ELM with the various classification
datasets and the experimental results of other MLP
learning algorithms. Eventually, we draw conclusions
in the last section.

2. RELATED WORKS

In this section, we will describe the related works
to prepare some essential background knowledge.
There are comprised of the conventional ELM [1], H-
ELM framework [18] and T-ELM [20].

2.1 Extreme Learning Machine (ELM)

ELM is a learning algorithm, which represented
for SLFN with L dimension random feature space.
The hidden neurons are randomly generated the pa-
rameters (input weights and biases). Let (xj,t;),
j=1,...,N be a sample of the N distinct samples
where x; is the j-th input sample, t; is the target
vector of ;. The input samples are mapped to L di-
mension ELM feature spaces, and the output of net-
work is defined as follows

fu0 =0 glwsz+b;) =hEE (1)

where w; denotes the input weight vector between
the input layer and the output layer, b;is the bias
of jth layer, B = [B1,...,BL]T is the output weight
matrix, g(-) is the activation function, x is the in-
put sample and pmbh(x) = [g1(x),...,gr(x)]T is the
vector of the output matrix H input x.

ELM can resolve the learning problem is as follows

T - HJ (2)

where H is the hidden layer output matrix

h(xzy) hi(x1) hr(z1)

h(w.N) h1(1.BN) hL(iN)
(3)

and T is a target matrix or the desired matrix as

t7 t11 tim
T e ' = E '.' ' . (4)
t% tN1 tNm

where m is the dimension of matrix T for each
1,..., N data.
ELM computes the output weights as follows

B-H'T (5)

where H' is the Moore-Penrose pseudo-inverse of ma-
trix H.

Learning of ELM is summarized in three steps as
the following:

Step 1: Randomly generated parameters consist of
input weights w;; and bias b; for hidden layer.

Step 2: Calculate the hidden layer output matrix
H.

Step 3: Compute the output weights 3.

2.2 Hierarchical Extreme Learning Machine
(H-ELM)

Hierarchical Extreme Learning Machine (H-ELM)
proposed by Tang et al. [18]. H-ELM is a new multi-
layer perceptron (MLP) algorithm for training data.
The data before learning should be transformed to
the ELM random feature space, and the H-ELM al-
gorithm has two parts as shown in Fig.1:

1) The first part is the unsupervised learning to
extract features of the input samples as the hierar-
chical representation. This part consists of N-layers
to transform the input samples to sparse high-level
features, and the output of each layer is computed as

H,=gH;-1-P8) (6)

where H; is the random mapping output of the i-th
layer, H;_; is a previous random mapping output of
H; layer, g(+) is an activation function, 8 is the hidden
layer weights. Moreover, each layer extracts features
of the input samples using the ELM sparse autoen-
coder, which it is defined the objective function as

Op = argming {IHB — X% + 18lle, } (7)

where X is the input data, H is the random mapping
output matrix, 3 is the hidden layer weight. To ob-
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tain 3, the ¢; optimization was used in Eg. (8) [18].
Thus, the aim of the ELM sparse autoencoder is to
extract features of X that can be reconstructed X
from the output features without tuned parameters.

2) After the unsupervised part, this part is the su-
pervisor learning part to compute the output weights
using the traditional ELM. That is the input weights
and biases are randomly generated and then they are
used to compute the final output weights.

2.3 Two-hidden-layer extreme learning ma-
chine (T-ELM)

The two-hidden-layer feedforward networks (TLFNs)

approach was originally proposed by Tamura and
Tateishi [21] and Huang [22] to improve the TLFNs
framework. T-ELM proposed the ideas of ELM into
TLFNs by Qu, et al., 2016 [20], utillizing the ELM
algorithm for regression and classification, but having
a two-hidden-layer structure. Assume that the first
and second layers have the same number of hidden
nodes.
The T-ELM Learning process is summarized in the

following seven steps:

Step 1: Randomly generate the input weight
matrix w and bias b of each layer.

Step 2: Calculate H=g(w;gxg), where w;g is
[b w] and xg is B[1 x|

Step 3: Obtain the hidden weight of the first
layer and the output layer, 3=H'T.

Step 4: Calculate the output of the first layer,
H,=Tg3!

Step 5: Assign the hidden weight and bias of
the second layer.

Step 6: Obtain the output of the second layer,
HQZQ(WHEHE)-
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The two parts of the proposed learning algorithm; the unsupervised multilayer encoding, and the

Step 7: Calculate the output weight in the
output layer, ,B:HET.

Note, that while our proposed learning algorithm
extends the layers within the supervised learning
part, we have not considered the pseudo-inverse of
the output weights, written as 3%.

3. PROPOSED LEARNING ALGORITHM

In this section, we outline our proposed framework,
which extends the supervised classification part of the
H-ELM, referred to as the EH-ELM. Unlike tradi-
tional DL frameworks [12, 17] which consist of two
training parts, we focused on how to modify the sin-
gle layer into multilayer supervised classification of
the H-ELM. The EH-ELM therefore out performed
and proved more efficient than the H-ELM and MLP
algorithms.

In the supervised part of the proposed method,
the single layer is extended into multiple layers. The
output weights of each supervised layer are computed
similarly to the traditional ELM, where the approxi-
mated target matrix of the previous layer is the input
of the next supervised layer. The final output weights
are computed from the last supervised layer of the su-
pervised part.

According to the EH-ELM, shown in Fig 2, the
input will create and feed samples into the unsuper-
vised part. The resulting high-level features will then
be extracted from the input data. The results of the
next layer are further input in the multilayer super-
vised classification part. In the unsupervised part,
the input results are computed by M-layers of the
ELM based regression, and the subsequent input data
is extracted and converted into hierarchical features.
The output of each layer in the supervised part is
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calculated as:

H;j=g(H;-1-PB) (8)

where H; denotes the output of the j-th layer of the
supervised part (j € [i, N]), H;_1 is the output of the
(j-1)-th layer of the supervised part, g(-) represents
an activation function for each hidden layer, and 3
= [By,---,B]7T is the output weight matrix of each
layer. However, the parameters of each layer do not
need to be fine-tuned, and each layer of the EH-ELM
is an independent section.

The learning process of the EH-ELM is summa-
rized as follows:

The unsupervised encoding part:

Input: N training sample (g, tg), k=1, ..., N of
N distinct samples, xy is the k-th sample, and tx
denotes the target vector of xg.

Step 1: Randomly generate the input weights
w; of each layer, where 7 is (i € [1, M]).
Step 2: Insert the « for the input data, H;=
[IL‘i Ot}.
Step 3: Calculate H;=(H;_1-w;_1).
Step 4: A;= H; is the adjusted scale in [-1,1].
Step 5: Calculate the output weights of each
layer, 8; = autoencoder (A;, H;) [18].
Step 6: Calculate the approximated target of
each layer, T;=(H,3;).
Step 7: Adjust T; scale in [0,1].
Return to Step 2 until all of a layers of the unsu-
pervised encoding part are completed.
Output: Finish training unsupervised encoding
part. The result is T.

The supervised classification part:

Input: T of the previous part is the input of this
part, where S represents a scale factor, and C is a
{5-penalty value.

Step 8: Randomly generate the input weights
w; of each layer, where j is (j € (M, P]).

Step 9: Insert « for the input data, H;_1=
[Tj,la].

Step 10: Calculate T,;=g(H,_1 - w;).

Return to Step 9 until all layers of the supervised
classification part are completed.

Step 11: Calculate the expected output weights,
B=HT;.

The difference between the proposed EH-ELM and
ML-ELM are as follows: 1) ML-ELM utilizes unsu-
pervised learning, using a sample, layer by layer. In
contrast, H-ELM is modified into the EH-ELM, which
consists of two parts: the unsupervised encoding part
and the supervised classification part. 2) The ML-
ELM employs orthogonal random hidden parameters,

in which to construct the weight matric of each un-
supervised layer; which is not necessary in the EH-
ELM, due to the various outputs of the random num-
ber of the input nodes. 3) ML-ELM uses the ¢3-norm
ELM autoencoder, whereas the EH-ELM uses an ¢
penalty autoencoder to obtain more sparsely hidden
input data.

4. PERFORMANCE EVALUATION

In this section, we verify the performance of pro-
posed EH-ELM in three ways: first, we compared the
accuracy rate and the standard deviation values of
the EH-ELM and H-ELM, using the various bench-
mark binary and multiple class classification datasets.
Next, we compared the last number of hidden neu-
rons of both the EH-ELM and H-ELM algorithms;
and lastly, we compared the accuracy rates of the
proposed EH-ELM with various state-of-the-art MLP
algorithms. In both the second and third methods,
two images classification datasets were used, shown
in Tables 1 and 2.

All experiments were conducted on an Intel Core
i7 3.50 GHz processor CPU, 8G ram, Windows 7, and
Matlab R2014a.

4.1 Benchmark Datasets

In order to extensively verify the performance of
the two comparative methods, the proposed EH-
ELM and the traditional framework H-ELM, four
binary classification cases and eight multiple clas-
sification case datasets were selected. Most of the
datasets were obtained through the UCIdatabase
(https://archive.ics.uci.edu/ml/datasets.html) [23],
represented in Table 1

Table 1: Specification of binary and multiple classes
classification datasets.

Datasets | ftrain | ftest | § feature | fclasses
Liver 242 104 6 2
Diabetes 538 231 8 2
Leukemia 38 34 7129 2
Phoneme | 3800 1622 ) 2
Glass 150 65 9 6
Led7digit 350 150 7 10
Vehicle 593 254 18 4
Pendigits 537 231 256 10
Semeion 956 638 256 10
Optdigits | 3823 1767 64 10
Thyroid 5040 | 2160 21 3
Shuttle | 43500 | 14500 9 6

From Table 1, within the 12 classification datasets;
the four binary class datasets (Liver, Diabetes,
Leukemia [24], and Phoneme) and the multiple class
datasets (Glass, Led7digit, Vehicle, Pendigits, Se-
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meion, Optdigits, Thyroid, and Shuttle) can be clas-
sified in to six groups of data, as follows:

1)  Data sets of relatively small size and low di-
mensions: Liver, Diabetes, Glass, Led7digit,
and Vehicle.

2)  Data sets of relatively small size and medium
dimensions: Pengigits and Semeion.

3) Data sets of relatively small size and high
dimensions: Leukemia.

4)  Data sets of relatively medium size and low
dimensions: Phoneme and Thyroid.

5) Data sets of relatively medium size and
medium dimensions: Optdigits.

6) Data sets of relatively large size and low di-
mensions: Shuttle.

Table 2: Specification classification datasets for
comparison of the proposed EH-ELM and the state-
of-the art MLP algorithms.

Datasets | fitrain | ftest | ffeature | fclasses
MNIST | 50000 | 1000 784 10
NORB | 24300 | 24300 2048 5

Table 2 demonstrates multiple classes within two
datasets: MNIST and NORB, detailed as follows:

1) MNIST: the MNIST dataset [25] is the image
classification dataset, which contains hand-
written digits, containing 60,000 training and
10,000 testing sample composts. The digital
images (28 x 28 pixels) have been sized and
fixed for normalization. The original imagess
are placed into a training algorithm without
preprocessing. Each MNIST sample has 784
features. The number of the output layers
are then assigned as the number of its like
features.

2) NORB: the NORB dataset [26] represents the
3D images classification problem. It contains
pictures of 50 toys, separated into five classes:
four animals, human figures, airplanes, trucks,
and car. We reconstructed the input pixels, as
N = 2 x 1024 =2048. In this paper, sizes of
NORB samples for training and testing were
divided into equal groups of 24,300 units.

4.2 Comparison between the Proposed EH-
ELM and H-ELM

1) Selecting the Number of Hidden Neurons: This
section is the criteria for selecting the number of hid-
den node of each layer that can obtain from the em-
pirical study. It described the effects of selecting hid-
den nodes in unsupervised autoencoder and super-
vised classification part of EH-ELM for each dataset
problem. A case study for the Glass problem will be
illustrated in this section to describe how to select the
number of hidden properly. Let L1, L2 be the number
of hidden nodes in the first layer and second layer of

the unsupervised autoencoder part, and L3, L4 be the
number of hidden nodes in the first and the second in
the supervised classification part of EH-ELM. L1 and
L2 were set in the range of [10, 20, ...,100], while L3
and L4 were set in the range of [100,200,...,1500].
Each network of EH-ELM in this study, we set L1 is
equal to L2, and also L3 is equal L4.

—e—LI1=L2=10
—a—[1=L2=20

Test Accuracy (%)
o0
o

26 ——L1=12=30

L1=L2=40
s ——L1=12=50
7

Number of Hidden Neurons for feature classification part (L3=L4)

Fig.3: The Testing Accuracy of EH-ELM in terms
of a Number of Hidden Neurons L3 and Lj Feature
Classification Part.

The Fig. 3 shows the testing accuracy rate when
EH-ELMs were trained by a various number of hidden
nodes in each layer in range of 10 to 100. Each line
is illustrated as the testing accuracy rate when L1
and L2 were fixed. L3 and L4 are various within the
setting condition, L1 = L2, and L3 = L4. The graph
in this figure is shown that the neural network of EH-
ELM giving the highest testing accuracy rate for the
Glass dataset is the network building the structure
as Ll — L2 — L3 — L4 to be set as 10-10-200-200,
respectively.

2) Performance of Learning Accuracy: We are set
the number of hidden neurons in the unsupervised
autoencoder and supervised classification parts of the
EH-ELM equivalent to the H-ELM for fair compar-
ison. In the EH-ELM, two-layer feature encoding is
utilzed as the input for two-layer feature classifica-
tion. Within the H-ELM, two-layer feature encoding
is then utilzed as the input in one-layer feature clas-
sification. Performance verification of each method
was made through an extensive number of datasets
in both the binary class and multiple class datasets.

The training and testing experiments were re-
peated fifty times for validity, and the average val-
ues of the accuracy rates and standard deviations are
reported in Table 3.

Table 3 illustrates the EH-ELM classification of
four binary datasets (Liver, Diabetes, Leukimia, and
Phoneme) and their respective accuracy rates against
the H-ELM (86.22, 83.85, 84.76, and 91.92, respec-
tively). Within the Leukemia case, the EH-ELM im-
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Table 3: Performance comparisons of the proposed EH-ELM and H-ELM with binary and multiple class
benchmarks.

EH-ELM H-ELM
Datasets | Number of Hidden | Accuracy | Standard | Standard | Accuracy Number of
neurons (%) Deviation | Deviation (%) Hidden neurons
Binary Classes Datasets
Liver 20,20,200,200 86.22 2.45 3.05 85.19 20,20,200
Diabetes 50,50,400,400 83.85 1.73 1.61 82.96 50,50,400
Leukemia | 200,200,5000,5000 84.76 9.10 10.05 82.41 200,200,5000
Phoneme | 100,100,5000,5000 91.92 0.36 0.40 90.66 100,100,5000
Multiple Classes Datasets
Glass 10,10,200,200 84.86 2.56 2.66 81.16 10,10,200
Led7digit 50,50,500,500 75.10 0.80 0.82 74.66 50,50,500
Vehicle 50,50,300,300 82.54 1.63 1.93 81.99 50,50,300
Pendigits 50,50,300,300 97.18 0.76 0.74 97.14 50,50,300
Semeion 300,300,500,500 97.49 0.32 0.44 97.41 300,300,500
Optdigits 50,50,490,490 97.77 0.19 0.19 97.82 50,50,490
Thyroid | 200,200,5000,5000 96.00 0.17 0.17 95.93 200,200,5000
Shuttle 100,100,2000,2000 99.47 0.08 0.06 99.47 100,100,2000

proved accuracy up to 2.3 percent of the H-ELM. The
EH-ELM and H-ELM maintained comparable stanr-

dard deI’lV&thn accuracy rates. 9§ +EH_Em_
In the multiple class datasets (Glass, Led7digit, —s—H-ELM

Vehicle, Pendigits, Semeion, Optdigits, Thyroid, and 91

Shuttle), the EH-ELM produced accuracy rates of 9l

84.86, 75.10, 82.54, 97.18, 97.49, 97.77, 96.00, and g .

99.47, respectively. Remarkably, the EH-ELM ac- 5989

curacy rates out performed the H-ELM in four of g

eight datasets (Glass, Led7digit, Vehicle, and Se- o988

meion cases. Accuracy rates and stand deviations =

were comparable in the Pendigets, Optdigit, Thyroid, 87

and Shuttle datasets. Summarily, most datasets pro- 98.6

duced improved accuracy rates using the proposed

H-ELM. %500 9200 9400 9600 9800 10000

Number of Hidden Neurons
4.3 Comparison of the last number of hid- (a)
den neurons between the EH-ELM and g e
H-BLM ST

Comparisons were made between the proposed '

EH-ELM and H-ELM when the number of hidden

neurons in the last supervised layer varied. The num- &

ber of hidden neurons in the unsupervised autoen- g

coder for both methods were set as equal. In the su- g

pervised feature classification of the EH-ELM, com- g

parisons were made prior to the equal setting of the 89.5]

hidden neurons of the H-ELM. The results of the clas- 89|

sification performance for testing samples are shown 88.5/

in Fig 4. 5 12 14 1.6 18 2
In the MNIST dataset, the fluctuation of the test- " Number of Hidden Neurons 10t

ing accuracy rates of the H-ELM were less than those (b)

of the EH-ELM, shown in Fig 4(a). The number of
hidden neurons varied in range, from 9,000 to 10,000 Fig.4: Comparison of testing rates between EH-

nodes. The EH-ELM yielded the lowest accuracy  pras and H-ELM: (a) MNIST (b) NORB.
rates at 9,800 hidden neuron nodes, while the highest

accuracy rate was found at 9,400 hidden neuron
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Table 4: Learning Accuracy performance comparisons in the MNIST Dataset.

Algorithm Accuracy (%) | Training time (s)
SAE [27] 98.60 >17 hours
SDA [28] 98.72 >17 hours
DBN [12] 98.87 66849
MLP-BP [4] 97.39 214268.10
ML-ELM [11] 99.04 2316.19
H-ELM [18]: two unsupervised layers 98.92 281.37
H-ELM [18]: three unsupervised layers 97.81 4120.79
EH-ELM: two unsupervised layers, two supervised layers 99.05 1632.45
EH-ELM: two layers of unsupervised, three layer of supervised. 98.92 3552.62

Table 5: Learning Accuracy performance comparisons in the NORB Dataset.

Algorithm Accuracy (%) | Training time (s)
SAE [27] 86.28 > 2 days
SDA [28] 87.62 > 2 days
DBN [12] 88.62 327960
MLP-BP [4] 84.20 34005.47
ML-ELM [11] 88.91 2344.83
H-ELM [18]: two unsupervised layers 91.28 881.43
H-ELM [18]: three unsupervised layers 90.28 8279.67
EH-ELM: two unsupervised layers, two supervised layers 91.78 1341.67
EH-ELM: two layers of unsupervised, three layer of supervised. 90.72 6585.57

nodes. In all cases, the accuracy rates of the EH-ELM
were higher than those of the H-ELM.

In the NORB dataset, Fig 4(b), the accuracy of
the EH-ELM was greater than the H-ELM in all se-
lected number of hidden neurons, ranging from 10,000
to 20,000. Within this range, the best accuracy rate
of the H-ELM at 15,000 nodes was less than the best
accuracy rate of EH-ELM at 17,000 nodes. The accu-
racy rates of EH-ELM were higher than those of the
H-ELM in every quantity of hidden nodes.

4.4 Comparision with State-of-the-Art MLP
Algorithms

In this section, we apply two image classifica-
tion datasets for comparison of the EH-ELM with
the comparative multilayer algorithms; such as the
Stacked AutoEncoder (SAE) [27], Staked Denois-
ing Autoencoder (SDA) [28], Deep Belief Networks
(DBN) [12], MLP-BP [4], ML-ELM [11], and H-
ELM [18]. Within the backpropagation algorithm
based MLP training algorithm (SAE, SDA, DBN,
and MLP-BP), the learning rate was set at 0.1, and
the decay rate at 0.95 for each learning epoch. In
the case of SDA, the input corruption rate was 0.5,
with a dropout rate of 0.2. The ¢y penalty param-
eters in the ML-ELM, there were set at 10~!, 103,
and 10%; for three layers, respectively. Within the
H-ELM algorithm, the number of layers of the un-
supervised encoding part was set at two and three
layers. Within the proposed EH-ELM, the number of

supervised layers was specified at two or three layers,
in order to compare the learning performances when
changing the number of supervised layers

As shown in Table 4, the testing accuracy of the
proposed EH-ELM on MNIST achieves 99.05 %; sim-
ilar to the ML-ELM, but with faster training times.
The EH-ELM proved superior to the SAE, SDA,
DBN, and MLP-BP in term of accuracy rates and the
training times. Furthermore, the similar architecture
of the EH-ELM’s supervised part yielded accuracy
rates of 99.05 and 98.90 in two and three supervised
layers, which were superior to those of the H-ELM, at
98.90 and 97.81, respectively. Table 5 shows that the
EH-ELM outperforms than basic H-ELM and other
MLP algorithms, including the SAE, SDA, DBN, and
ML-ELM. The classification performance test of the
EH-ELM having two supervised layers obtained up
to 91.78% accuracy, which was greater than the best
accuracy rate of the H-ELM, at 91.28 [18]. Although
the unsupervised layer of the H-ELM was increased
to three layers, its classification rate performance of
90.20 was still less than that of the best accuracy rate
of the EH-ELM.

From Tables 4 and 5, the experiment’s results
demonstrated that the proposed EH-ELM framework
(based on H-ELM approach, having two supervised
layers) significantly improved classification rates over
the original H-ELM, having two or three unsuper-
vised parts, as well as the other multi-layer algo-
rithms in the MNIST and NORB datasets (due to the
overfitting of input data). Furthermore, the train-
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ing times of the EH-ELM in both the MNIST and
NORB datasets (1,632.45, and 1,341.67 seconds, re-
spectively) were slower than that of the H-ELM hav-
ing two unsupervised layers (due to the greater num-
ber of supervised layers of the proposed algorithm
than that of the supervised layers of the H-ELM.

5. CONCLUSIONS

In this paper, we propose a new method of high
performance classification by extending the super-
vised classification part of the H-ELM, from one su-
pervised layer to multiple supervised layers, referred
to as the Extended H-ELM (EH-ELM). Within our
experimental setting, we divided the datasets into
two categories: twelve datasets consisting of four bi-
nary classes, and eight datasets consisting of multi-
ple classes. Datasets also varied in size and dimen-
sions. The results found that within our experimental
datasets, the EH-ELM yielded greater average ac-
curacy rates than those of the traditional H-ELM
in eight of twelve datasets; with significant statis-
tical difference (p<0.05) four of all eight problems
consist of Phoneme, Glass, Led7digit and Thyroid
datasets. Additional tests were conducted on MNIST
and NORB datasets, which contained a varied num-
ber of hidden neurons in the last layer of the super-
vised classification parts. Within the MNIST data
sets, the hidden neurons of the EH-ELM and H-ELM
totaled 9400 and 9600 nodes, respectively. While
both results were sufficiently high, the accuracy rates
of EH-ELM were slightly superior to the H-ELM, in
which the number of hidden neurons varied. Within
the NORB dataset, the accuracy rates of the EH-
ELM were higher than those of H-ELM, in every vari-
able of hidden nodes, 17,000 total; of which the EH-
ELM produced the best classification accuracy for
this problem. The classification accuracy rates of the
EH-ELM also proved superior to the state-of-the-art
methods (SAE, SDA, DBN, MLP-BP, ML-ELM, and
H-ELM) in both the MNIST and NORB datasets.
Therefore, the EH-ELM was conclusively deemed the
best classification method among all the comparative
algorithms. Note that in the MNIST dataset, the ac-
curacy of EH-ELM and H-ELM yielded 99.05% and
98.92% accuracy, with training times of 281.37 and
1632.45 seconds, respectively. In the NORB dataset,
the classification accuracy of EH-ELM was 91.78%
with a training time of 1341.67 seconds, while the
original H-ELM yielded 90.20% with a training time
of 881.43 seconds. Additionally, in comparing the
effects of the various number of layers, the experi-
mental results indicate that the EH-ELM with two-
supervised layers out performed the H-ELM having
three or four layers, due to the overfiting of the input
data. Regarding training times, the EH-ELM proved
slightly slower than the learning time scale of the H-
ELM, due to its greater number of supervised layers.
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