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1. Introduction

Traditional learning algorithms with gradient descent based
technique, such as back-propagation (BP) and its variant
Levenberg-Marquardt (LM) have been widely used in the
training of multilayer feedforward neural networks. The
gradient descent based algorithm may converge usually
slower than required time in training, since many iterative
learning step are needed by such learning algorithm, and
difficult setting of learning parameters such as stopping
criteria, learning rate, learning epochs, which make it
easily cause the over-fitting or trap in local minimum.
Moreover, the activation functions adopted in these gradient
descent based tuning methods need to be differentiable

Recently, a new and fast learning algorithm for single
hidden-layer feedforward neural networks (SLFNs) called
extreme learning machine (ELM) was proposed by Huang
et al. [10]. In ELM, the input weights (connecting the input
layer to the hidden layer) and hidden biases are generated
randomly, and the output weights (connecting the hidden
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layer to the output layer) are analytically determined by
using Moore-Penrose (MP) generalized inverse. Because
of the fast training speed and high generalization, ELM
method has been applied to various learning domains [8,
11]. It increases the learning speed by means of randomly
assigned the input weights and hidden biases rather than
iteratively adjusting network parameters which is usually
used by gradient descent based methods. However, due
to randomly selected input weights and hidden biases, in
such way ELM tends to require more hidden neurons than
traditional tuning-based algorithms in many cases, which
may make ELM respond slowly to unknown testing data.
Besides, too small/large hidden neurons lead to the under-
fitting/over-fitting, especially, an extremely large network
brings about longer prediction response, unnecessary
memory requirement and high cost. For ELM, the input
weights and hidden biases given in the first training step
is the most important part, and the impact of these
parameters on the performance is the essence of ELM.

In order to deal with the above problems, some improved
efforts have been proposed. In the literature, evolutionary
ELM (E-ELM) was proposed by Zhu [28], which used the
differential evolutionary algorithm to choose the optimal
input weights and hidden biases of the SLFN by means
of iteratively adjusting in the training process of the SLFN,
repeated until the stopping criteria were satisfied. The
evolutionary ELM was able to achieve good generalization
performance with more compact networks. Xu et al. [26]
introduced a hybrid particle swarm optimization (PSO)
and ELM algorithm, and PSO was used to optimize the
input weights and hidden biases of the SLFN to solve
some prediction problems, which primarily encoded the
boundary conditions into PSO to improve the performance
of ELM. In the method proposed by Zhao [7], an improved
ELM was used to select the input weights for ELM with
linear hidden neurons. Recently, Sundararajan et al. [21]
combined Integer Coded Genetic Algorithm (ICGA) and
PSO, coupled with ELM for gene selection and cancer
classification, where the algorithm (ICGA-PSO-ELM) was
developed to handle sparse data and sample imbalance.
Wang et al. [25] made a study on the impact of random
weights between the input and hidden layer in ELM, and
proved that the randomly assigned input weights do have
some effects on the learning, and for many classification
or regression tasks, these effects were positive.

In this paper, to obtain satisfactory parameters for ELM,
an attempt was tried to use the artificial bee colony (ABC)
for parameters training process of ELM algorithm. The
reason for the ABC algorithm as the optimized tool is that
it possesses the global search ability by introducing
neighborhood source production mechanism, and it does
not require external parameters such as cross over rate
and mutation rate as in case of differential evolution, these
parameters are hard to determine in prior. For optimizing
some multidimensional numeric problems, the ABC
algorithm outperforms other meta-heuristic algorithms
including the genetic algorithm (GA), particle swarm
algorithm (PSO) and evolutionary algorithm (EA) [13]. The

advantage of using the ABC algorithm over other
techniques is that it possesses memory, local searches,
and solution improvement mechanisms, so it can be
applied to identify a high quality optimal solution and offer
a balance between complexity and performance for
optimizing approximate effectiveness. Therefore, the
integration of ABC and ELM should be promising for SLFNs
training the ABC algorithm is used to optimize a set of
parameters, including input weights and biases, which
maybe obtain global optimal solutions to achieve higher
classification rates in some classification cases. In this
study, different from the previous works such as E-ELM
and PSO-ELM, the proposed approach uses ABC method
and the k-fold cross validation (CV) scheme to search for
the optimal input weights and hidden biases, while the
MP generalized inverse is used to analytically calculate
the output weights. As demonstrated in the experimental
results, compared with original ELM, PSO-ELM and E-
ELM algorithm, the ABC is found to be a better training
method, and the proposed algorithm achieves better
performance for overcoming the above mentioned problems
of ELM with much more compact and more robust
networks.

The rest of the paper is organized as follows. In Section 2
and Section 3, we give a brief description of ELM and
ABC method respectively. Section 4 proposes our
algorithm ABC-ELM, including the whole optimization
process of this hybrid method. In Section 5, the detailed
experimental design is presented, and describes all the
empirical results and discussion in Section 6. Finally,
conclusions are summarized in Section 7.

2. Extreme Learning Machine

This section gives a brief description on extreme learning
machine (ELM) algorithm. ELM is an algorithm originally
developed for training single hidden-layer feedforward
neural networks (SLFNs), and then extended to the
“generalized” SLFNs [9]. It has been attracting the
attentions from more and more researchers and has been
applied into many fields, such as human face recognition
[4, 19, 29], medical diagnosis [6, 16], credit scoring [15],
time-series forecasting [20], etc.

Figure 1. Structure of ELM

In ELM, the parameters of hidden neurons in network are
randomly generated instead of tuned, and then fix the
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nonlinearities of the network without iterations. Through
the training process, the input space is mapped onto a
new space by the hidden layer of ELM network with
nonlinear transformation. A linear combination is performed
on the new space. The parameters that have to be solved
are the output weights, which are calculated by using the
least-squares method. Fig. 1 shows the learning procedure
and structure of ELM.

For N arbitrary distinct samples (xi, ti), i =1,..., N, where xi =
[xi1, xi2,..., xid]

T ∈ Rn  ti = [ti1, ti2,..., tim]T∈ Rm, are the i-th input
pattern and associated target respectively. For a SLFN
having L nodes in the hidden neurons and activation
function g(x) are the mathematical modeled as

Σ βj g (wj . xi + bj) = oi (1)

where wj = [wj1, wj2,..., wjn]
T ( j = 1, 2,..., L) denotes the weight

vector connecting j-th hidden neuron and input neurons,
and bj is the bias of j-th hidden neuron, wj . xi denotes the
inner product of wj and xi, βj = [βj1, βj2,...βjL]

T is the output
weight connecting the j-th hidden neuron and the output
neurons.  oi is the corresponding actual output of xi in the
network. The activation function g(x) for additive nodes
can be any bounded nonconstant piecewise continuous
functions.

Huang had shown that standard SLFNs with L hidden
neurons can approximate these given N samples with zero

L

j=1

N

i=1
error, that is, Σ ⎟⎟ oi − ti ⎟⎟ = 0, it implies that there exist
parameters wi, xi and bi such that

Σ βj g (wj . xi + bj) = tj, j = 1,2,...,L (2)

The above Eq. (2) can be written a linear system as

Hβ = T (3)

where T = [t1, t2,...,tm]T  is the matrix of target (desired output).

H = H (w1, w2,...,wL, b1, b2,...,bL, x1, x2,...,xn)

g (w1 . x1+b1) ... g (wL . x1+bL)
         =         ...

g (w1 . xN+b1) ... g (wL . xN+bL)

β1 t1

βL tN

where H = {hij} (i =1,..., N and j =1,..., L) is called the hidden
layer output matrix of the neural network. The j-th column
of H is j-th hidden neuron output vector with respect to
inputs x1, x2,..., xn and the i-th row of H is the output vector
of the hidden layer with respect to input xi.

In most cases, the number of the hidden neurons is much
less than the number of training samples, that is, L      N.

L

j=1

...
... (4)

β  = ...
... (5)

Ν × m

There may not exit wi, bi and βi (i =1,..., N ) such that Hβ =
T. Therefore, the determination of the output weights is
computed by means of the least-square method. The
minimum norm least-square solution to the linear system
is

β ′  = H + T (5)

where H+ is the Moore-Penrose generalized inverse [18]
of the hidden layer output matrix H. The solution β ′
obtained by Eq. (5) is one of the least-squares solutions
of system (3), which is unique and has the smallest norm
over all the least-square solutions. As stated in [17],
solution β ′ leads to the smallest training error as well as
a good generalization performance.

So the ELM algorithm can be summarized which only
consists of three steps as follows:

ELM algorithm:
Given a training sample N={(xi, ti) | xi ∈ Rn, ti ∈Rm, i=1, 2, ...,
N}, activation function g(x), and hidden neuron number L,

(1) Assign hidden neurons by randomly generating
parameters (wi, bi), i =1, 2,..., L;

(2) Compute the hidden layer output matrix H by Eq. (4);

(3) Calculate the output weight β : β ′ = H + T

3. Artificial Bee Colony
Artificial Bee Colony (ABC) algorithm was proposed by
Karaboga in 2005 [12]. The algorithm simulates the
intelligent foraging behavior of honey bee swarms. It is a
population based stochastic optimization algorithm. In
ABC algorithm, there are a set of computational agents
called honey bees. The colony of honey bees consists of
three groups of bees: employed bees, onlookers and scout
bees. The employed bees and onlookers perform the
exploitation process in the search food source position,
and the scout bees control the exploration process.

The main steps of ABC algorithm are described for simple
as follows:

1: cycle = 1;

2: Initialize the population of solutions xi, i = 1, 2, . . ., SN;

3: Evaluate the nectar amount of food sources;

4: repeat

5: Employed bees’ phase;

6: Onlookers’ phase;

7: Scout bees’ phase;

8: Memorize the best solution obtained so far;

9: until cycle = MCN;

At the first step, the ABC algorithm creates a randomly
distributed initial population P of i solutions (i =1, 2,..., NP),
where i denotes the size of population, and NP is the
number of the employed bees. Each solution xi is a D -

T T

T T

Ν × L

Ν × m
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dimensional vector. Here, D is the number of optimization
parameters. The position of food source represents a
possible solution to the optimization problem, and the
nectar amount of a food source stands for the quality
(fitness value) of the solution. After initialization, the
positions (solutions) are subjected to repeated cycle, C
=1, 2,..., MCN, of the search processes of the employed
bees, the onlookers and the scout bees, where MCN is
the maximum cycle number of search process. An
employed bee produces a modification on the position
(solution) in the memory depending on the local
information and evaluates the nectar amount (fitness value)
of the new source (modified solution). Then the greedy
selection criterion is used for the procedure: Suppose that
the nectar amount of the new one is higher than that of
the previous one, the bee memorizes the new position
and forgets the old one, otherwise it keeps the position of
the previous one in the memory. After all employed bees
finish the search process, they share their position and
the nectar information of the food sources with the
onlookers in the hive’s dance area. After evaluating the
nectar information shared by all employed bees, an
onlooker bee selects a food source according to a
probability related to its nectar amount. Then the position
modification and selection criterion applied to onlookers
are the same as used in the employed bees procedure.

The probability Pi with the food source located at i will be
chosen by an onlooker can be expressed as follows:

        fitnessi (6)

where fitnessi denotes the fitness value of the solution
represented by food source i. Clearly, a good food source
(solution) will have more chance to be selected by the
onlookers than a bad one, and then they produce a
neighbor food source position i+1 to the selected one i,
comparing the nectar amount (fitness value) of the neighbor
i+1 position with the previous i position. The greedy
selection criterion is also used for the onlookers. The
sequence is repeated until all onlookers are distributed.
What is more, if a solution i do not improve by a
predetermined number of trials (limit), this solution would
be abandoned by its employed bee and the associated
employed bee becomes a scout and randomly searches
for a new food source position entirely. When the new
position is obtained, the next cycle (MCN) starts. The
same procedures are repeated until the stopping criteria
are satisfied.

To produce a candidate food position from the old one in
memory, change one selected parameter randomly and
keep the remaining parameters unaltered. It means that
by adding to the current chosen parameter value the
product of the uniform variant [-1, 1] and the difference
between the chosen parameter value and other solution
parameter value, the position of the selected neighbor food
source is calculated as following:

i=1
 ∑  fitnessi

NPPi =

vij = xij + uij (xij - xkj) (7)

Where j and k ∈ {1,2,...D} are randomly produced index,
k has to be different from i. The multiplier uij is a uniformly
distributed real random number between [-1, 1].

The food source position is replaced with a new food source
by a scout when the nectar is abandoned by a bee. The
scout produces an entirely new food source position can
be defined

 xij = xj    + r (xj     - xj     ) (8)

where xj       is the upper bound of the food source position
in dimension j and xj   is the lower bound of the food
source position in dimension j, r is a uniformly distributed
real random number in the range of [-1, 1]. Notice that if
the value of a parameter generated by using (7) and (8)
exceeds its control limit, the parameter will be assigned
to the boundary value associated with it.

4. The Proposed ABC-ELM Model

This study proposes a novel ABC-ELM model for
parameter optimization problem of ELM. In the proposed
model, the parameter optimization for ELM are
dynamically conducted by implementing ABC algorithm
and the k-fold CV scheme, then the obtained optimal
parameters are taken by the ELM classifier model to
perform the classification task.

As the input weights and hidden biases in the ELM are
generated randomly and they are unchanged during the
training process, the training time spending on tuning
these parameters is reduced, but the output weight is
calculated by using Eq. (5) based on the predetermined
the input weights and hidden biases initially, there may
exist a set of non-optimal or unnecessary input weights
and hidden biases and many redundant hidden neurons.
As a result, more hidden neurons may be required by the
ELM algorithm than traditional tuning-based learning
algorithm in some applications, which could make the
ELM algorithm respond slowly to unknown testing data
and cause the network to over-fit. Therefore, more compact
networks with better generalization performance are
desired.

In this section, a hybrid model named ABC-ELM based
on ABC and ELM is proposed, where the ABC algorithm
is used to find the best set of the network parameters
including the input weights and hidden biases, meanwhile,
CV approach is used in this process such that the
estimated generalization error is small, and the MP
generalized inverse is adopted to get the output weights.
In k-fold CV, the training dataset is divided into k equal
subsets (of approximately equal size). ELM algorithm is
called k times, each time leaving one of the subsets from
training, and the generalization accuracy is calculated
based on the omitted subset. Here, the parameter value
of k is 5. After selecting the optimal input weights and
hidden biases, the classifier model is developed by using

min min min

max

min
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training set.

First, the population of the initially generation is randomly
created. Each individual in the population is a set of the
input weights and hidden biases defined as:

  θ = {w11,w12,...,w1L,w21,w22,...,w2L,...,wn1,wn2,...,wnL,b1,b2,...,bL}

where the input weight wij and hidden bias bj are randomly
i = 1, 2,..., n

Figure 2. Flowchart of the ABC-ELM model

initialized with the range [-1, 1]. Second, the output weight
corresponding to each individual (a set of weights and
biases) is determined by the MP generalization inverse.
Then the fitness value of each individual is calculated on
the training set using Eq. (9). Meanwhile, the 5-fold CV is
used for determining the optimal parameters to avoid the
over-fitting.

f = 1- n
 ∑i=1 MissClassificationRatei (9)

n
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where n is the number of the training sets, the accuracy
rate f on the training sets is adopted as the fitness.

After the fitness values of all individuals in the population
are obtained, the employed bees’ phase, the onlookers’
phase and the scout bees’ phase are performed in
sequence, the populations of the new generation are
generated, until the optimal goal or the maximum iterations
is reached.

The flowchart of the ABC-ELM model is constructed
through the following main steps as shown in Fig. 2.

Step 1: Divide the transformed data into 5 subsets using
5-fold cross validation method. Each subset contains 4
training sets and 1 test dataset;

Step 2: Encode the solution with L × (n+1) dimensions.
The first L × n dimensions are the input weight values.
The remaining L dimensions are the bias values. They
are both continuous values;

Step 3: Initialize the individuals of the populations (food
source positions) with random numbers. Meanwhile, the
ABC parameters including the size of the population, the
lower and the upper bounds of the population, the number
of iterations and the value of the limit, etc;

Step 4: Train the ELM classifier with the weight and the
bias obtained in Step 2, Notice that the solution used for
optimization is a vector, but they are 2-dimensional matrix
in training process. For this reason, an extra step is used
to change the solution vector to 2-dimensional matrix
before the solution is evaluated;

Step 5: The fitness value is calculated according to Eq.
(9);

Step 6: Increase the number of iterations: iter = iter + 1;

Step 7: In employed phase, update the position of each
employed bee using Eq. (7) in each solution;

Step 8: Train the ELM classifier with the weight and the
bias obtained in Step 6 and calculate the fitness value of
each solution using Eq. (9);

Step 9: Apply the greedy selection process to improve
the fitness value and solution by comparing the current
fitness with the old fitness stored in the memory. If the
current fitness is dominated by the old one stored in the
memory, otherwise, replace the old one with the current
fitness value and position;

Step 10: Calculate the probability value of each solution.
It means that the better fitness value of solution achieved,
the more opportunity the solution been selected;

Step 11: In onlooker phase, update new positions
depending on the probability values obtained in Step 9;

Step 12: Train the ELM with the weight and the bias
obtained in Step 10 and calculate the fitness value of each
solution using Eq. (9);

Step 13: Apply the greedy selection process, the same

as Step 8;

Step 14: If the size of population is reached, then go to
Step 11, otherwise, go to Step 10;

Step 15: In scout bee phase, if the fitness value can not
be improved further through a predetermined number of
iterations, abandon this solution, and randomly generate
a new solution using Eq. (8), and then calculate the fitness
of this solution;

Step 16: Update the global optimal fitness and global
optimal solution by comparing the fitness with the optimal
fitness from the whole population. If the current optimal
fitness is dominated by the fitness stored in the memory,
then keep the fitness and solution in the memory,
otherwise, replace the fitness and solution with the current
optimal fitness and corresponding solution from the whole
population;

Step 17: If the stopping criteria are satisfied, then go to
Step 17, otherwise, go to Step 5. The termination criterion
is that the iteration number achieves the maximum number
of iterations;

Step 18: Get the optimal weight and bias from the best
solution.

5. Experimental Design

5.1 Data Description
To evaluate the performance of the proposed approach in
different classification problems, eight real world datasets
(Thyroid, WDBC, Wine, Bupa Liver, Cleveland Heart,
Australian, Breast Cancer and Parkinson), provided by
the StatLog and the UCI Machine Learning databases [2],
are evaluated in this investigation. All of the eight datasets
have often been used as benchmarks for classification
performance comparison that can be easily found in data
mining and pattern recognition literature. Bupa Liver
dataset contains 345 instances with 6 attributes which
are classified into 6 categories. WDBC dataset has 768
instances describing 2 classes based on 8 features. Wine
dataset is the results of a chemical analysis of wines
grown in the same region in Italy but derived from three
different cultivars. This set contains 178 instances with
13 continuous features. Thyroid dataset contains 3 classes
of 215 instances, each instance has 5 features. Cleveland
Heart and Parkinson datasets are composed of 303
instances and has 13 features, 195 instances and has 22
features for each other. Iris, Australian and Breast cancer
datasets have the missing values, the missing categorical
attributes are replaced by the mode of the attributes, and
the missing continuous ones are replaced by the mean of
the attributes.

The detail characteristics of these datasets are listed in
Table 1.

Normalization is a necessary process to avoid the values
in greater numerical ranges dominating those in smaller
numerical ranges and reduce the numerical difficulties
during the calculation. Generally, data is normalized by
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No. Dataset #Classes #Instances #Features Missing Value

1 Bupa Liver 2 345 6 No

2 WDBC 2 768 8 No

3 Wine 3 178 13 No

4 Australian 2 690 14 Yes

5 BreastCancer 2 699 9 Yes

6 Thyroid 3 215 5 No

7 ClevelandHeart 2 303 13 Yes

8 Parkinson 2 195 22  No

Table 1. Datasets from StatLog and the UCI Databases

scaling them into the interval of [-1, 1], and we choose
the range of [-1, 1] using the Eq. (10), where x is the
original value, x′ is the scaled value, minn is minimum
value of n and maxn is maximum value of n.

   x - minn

In order to get an unbiased estimate of the generalization
accuracy, the 5-fold CV was used to evaluate the
classification accuracy. Each time, four of the 5 subsets
are put together to form a training set and the other subset
is used as the test set. Then the average result across all
5 trials is computed. The advantage of this method is that
all of the test sets are independent and the reliability of
the results could be improved. It’s worth nothing that only
one repetition of the 5-fold CV will not generate enough
classification accuracies for comparison. Because of the
arbitrary partition of the dataset, it is not necessarily the
same for the predicted accuracy of a model each iteration.
Meanwhile, we design our experiment making use of two
loops, which is also adopted in [3, 23]. The inner loop is
used for determining the optimal fitness and best
parameters for the ELM classifier. The outer loop is used
to estimate the performance of the ELM classifier. So,
the 5-fold CV is used for the inner loop and another 5-fold
CV is employed as the outer loop.

5.2 Methods for Comparison
For presenting the superiority of the proposed ABC-ELM
algorithm, we select some previous optimization
techniques in the literature for algorithm comparisons.
First we choose the original ELM algorithm as a method
to be compared because it is a famous approach, proved
to produce good generalization performance and learn
thousands of times faster than traditional learning
algorithm for feedforward neural networks, and has been
widely applied in many kinds of fields. Moreover, as a
global optimization based methodology, the ABC-ELM
algorithm will be compared with the E-ELM and PSO-
ELM.

Differential evolution (DE) is designed to iteratively try to
improve a candidate solution with regard to a given measure

x′ =  maxn - minn
)( * 2 -1 (10)

of quality, which returns an optimal solution for optimization
problems [24]. Zhu presented an instance of DE to search
for the optimal input weights and hidden biases for ELM
automatically [28]. DE imitates the mechanisms by
choosing solutions based on vectors and iteratively
updating vectors based on the solution quality.

Particle swarm optimization (PSO) is also a global
optimization approach, which simulates bird flocking or
fish schooling behavior to achieve a self-evolution process
[14]. PSO can search automatically the pbest and gbest
of data sets by optimizing the objective function. In the
literature [26], PSO is also used to find suitable parameters
of ELM for some prediction problems.

In Section 6, we will set up a series of experiments to
describe method comparisons between ABC-ELM, original
ELM, DE-ELM and PSO-ELM algorithms.

5.3 Experimental Setup
The proposed ABC-ELM model and other three methods
were carried out on the platform of MATLAB 7.0. For ELM,
the implementation by Huang available from http://
www3.ntu.edu.sg/home/egbhuang was used. The computer
is Intel Dual-Core TM with 2.0 GHz CPU and 2 GB RAM,
the operating system is Windows XP.

The detailed parameter setting for ABC-ELM is as follows.
The number of the iterations and population size were set
to 250 and 40 respectively. The number of the employed
bees (SN) is equal to the onlookers, that is to say, the
number of the employed bees or the onlookers is 20. The
value of “limit” is set to SN × D, where D is the dimension
of the problem [1]. The input weights and the biases are
obtained into the range [-1, 1]. The sigmoid function g(x) =
1/(1 + exp(-x)) is adopt as ELM activation function to
compute hidden layer output matrix.

For PSO [22], the searching range for the solution is set
as follows: [-popmax, popmax] is set as [-1, 1]. vmax is set
about 50% of popmax, and vmin is set to -vmax. The
acceleration constants c1 and c2 are set as follows: c1 = 2,
c2 = 2. According to our preliminary experiment, wmax and
wmin are set to 0.9 and 0.4 respectively. The inertia weight
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w is calculated using Eq. (11).

w = wmax - i * (wmax - wmin)/ MCN (11)

where i denotes i-th iteration, and MCN is the total number
of iterations.

For DE, the roulette wheel selection method was used.
The parameter F and CR is set to 1 and 0.8 for each
other. In order to make a fair comparison, the same
computational effort is used in ABC, ELM, PSO and DE.
That is, the maximum generation, population size and
searching range of the parameters in PSO, DE and ELM
are the same as parameters in ABC-ELM.

6. Experimental Results and Discussions

To evaluate the effectiveness of the proposed model, we
compare the ABC-ELM model with other three reference
models (original ELM, PSO-ELM, DE-ELM) in this
experiment.

The performance of the ABC-ELM algorithm is tested with
the number of hidden neurons incremented by a step equal
to 5, ranging from 5 to 40, the reason why we choose this
range is that the performance of ELM algorithm would
induce the over-fitting with gradually increasing number of
hidden neurons, while due to ABC method optimizes the
input weights and biases, which makes optimal

Datasets Algorithms Accuracy (%) Hidden Neurons

Training Testing
ABC-ELM 76.54 72.23±4.99 20
ELM 76.58 71.30±5.14 30
PSO-ELM 77.38 71.54±5.26 25
DE-ELM 76.26 71.19±5.70 20
ABC-ELM 97.86 96.42±1.23 30
ELM 96.43 96.13±1.64 30
PSO-ELM 98.49 96.28±1.60 20
DE-ELM 98 96.10±1.93 20
ABC-ELM 99.97 98.43±1.12 15
ELM 99.86 97.98±2.08 25
PSO-ELM 1 97.63±2.27 15
DE-ELM 1 98.30±1.69 25
ABC-ELM 88.14 86.38±2.91 15
ELM 87.50 86.35±3.20 30
PSO-ELM 89.37 86.14±2.31 40
DE-ELM 89.51 86.03±2.71 20
ABC-ELM 97.54 96.51±1.19 20
ELM 97.42 96.45±1.02 60
PSO-ELM 97.16 96.51±1.25 35
DE-ELM 97.88 96.45±1.67 35
ABC-ELM 97.79 94.79±3.04 20
ELM 96.84 92.93±3.98 30
PSO-ELM 97.92 94.14±3.67 30
DE-ELM 99.10 92.74±3.02 40
ABC-ELM 86.84 83.22±4.20 10
ELM 85.60 82.45±4.32 20
PSO-ELM 88.75 82.39±6.00 10
DE-ELM 89.11 82.45±3.99 20
ABC-ELM 92.12 88.31±4.30 30
ELM 92.28 86.15±5.79 40
PSO-ELM 94.66 87.59±4.70 30
DE-ELM 95.17 87.08±5.70 35

Bupa Liver

WDBC

Table 2. The detailed results obtained by four investigated models via 5-fold on the eight datasets.

Wine

Australian

Breast Cancer

Thyroid

Cleveland Heart

Parkinson
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parameters more suitable for associated network, it can
achieve good results just required a few of number of hidden
neurons, at the same time, the results are stable.

The following tables and figures report the average
accuracies (in percentage) of five independent runs. In
each run, we use 5-fold CV method in partitioning training
dataset and test dataset to have more reliable results.
The last column of the table shows the smallest number
of hidden neurons to be used in order to achieve the best
results. Table 2 shows the results achieved with all four
investigated models (ABC-ELM, original ELMÀÛÈÞPSO-
ELM, DE-ELM) for the eight benchmarks classification
datasets based on five trails. It is well known that the
higher the accuracy rate is and the fewer the number of
hidden neurons are needed, the better the model is said
to be. At the same time, the test accuracy, the nearly
optimal number of hidden neurons for these algorithms
and the standard deviation are shown in the table in the
form of mean ± standard deviation. From Table 2 we can
easily find that ABC-ELM outperforms other three methods
for all of the eight classification problems. It reveals that
the optimal network structure tuned by the ABC algorithm
contributes a lot in reducing the hidden neurons in the
models and achieving a reasonable generalization
performance for these benchmarks datasets.

For the Bupa Liver dataset, the proposed method
outperforms other three methods in terms of classification
accuracy by almost 1%, 0.69% and 1.04% respectively.
ELM requires 30 hidden neurons to achieve the best testing
accuracy, and PSO-ELM offers the best testing accuracy
when the number of hidden neurons is 25, while for ABC-
ELM and DE-ELM, only 20 hidden neurons are needed.
Moreover, ABC-ELM obtains best testing accuracy in this
case. Although the training accuracy of ABC-ELM is
slightly lower than PSO-ELM, the ABC-ELM offers better
testing accuracy than all other three approaches
empirically with reduced number of hidden neurons, and
the standard deviation for the acquired performance by
the proposed method is also smaller, which indicates
consistency and stability of the proposed model. Fig. 5(a)

also shows the classification accuracy of four methods
achieved is changed with the number of hidden neurons
on the Bupa Liver dataset. In particular, when the number
of hidden neurons is smaller than 10, the accuracy of
ELM is quite poor, the reason is that the parameters are
selected randomly.

For the WDBC dataset, ABC-ELM achieves better testing
accuracy than original ELM, PSO-ELM, DE-ELM and
ABC-ELM obtains smaller standard deviation. Although
ABC-ELM uses 30 hidden neurons to achieve the best
accuracy, PSO-ELM and DE-ELM use 20 hidden neurons
to get the best accuracy for each other, ABC-ELM still
obtains the accuracy of 96.35% which is better than other
algorithms with 20 hidden neurons. The results evaluated
on the WDBC dataset are shown in Fig. 5(b).

For the Wine dataset, the proposed method outperforms
all other cases, the result is very close to that of DE-
ELM, but only uses 15 hidden neurons, and the standard
deviation obtained by the proposed method is less than
those of others. Fig. 5(c) illustrates the results on the
Wine dataset which confirms the accuracy results of Table
2.

For the Australian dataset, the ABC-ELM method performs
better than all other cases with the smallest number of
hidden neurons, moreover, the results of the proposed
method is more stable. These results are also confirmed
in Fig. 5(d).

For the results obtained for the Breast Cancer dataset
indicates the optimal weights and hidden biases obtained
by the ABC algorithm lead the network to be more accurate
and stable. In particular, the best accuracy of ELM with
60 hidden neurons is less than that of the ABC-ELM. Fig.
5(e) shows the accuracy obtained by four methods on
Breast Cancer dataset. For the Thyroid dataset, in general,
the ABC-ELM performs better than all other cases,
improving by more then 2% compared to the DE-ELM. In
addition, by increasing the number of hidden neurons (from
5 to 20, in our experiments), the network accuracy

Figure 5(a) Figure 5(b)
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Figure 5(c) Figure 5(d)

Figure 5(g) Figure 5(h)

Figure 5(e) Figure 5(e)
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increase, however, the number of hidden neurons
increasing too large, the results of ELM will fall down
rapidly, it induces the over-fitting. The proposed method
has relatively more stable results. The results of the
Thyroid dataset are shown in Fig. 5(f).

For the Cleveland Heart dataset and Parkinson dataset
respectively, which indicates the proposed method
outperforms others in all cases, as shown in Fig. 5(g) and
Fig. 5(h).

In order to evaluate whether the proposed method is
statistically significant than others, in this paper, a non-
parametric statistical hypothesis test called Wilcoxon
signed ranks test [5] for comparing two related sample
has been conducted at the 5% significance level. It ranks
for differences in performances of two classifiers for each
dataset, to analyze whether the average difference between
the exist algorithm and the proposed algorithm
performance over various datasets is significantly different.
Table 3 shows the P values calculated by Wilcoxon signed
ranks test for comparison of the accuracy of two groups
(the left group corresponding to competitor algorithm and
the right group corresponding to ABC-ELM) at a time. In
most cases, the P values reported are less than 0.05 (5%

Datasets Algorithm Comparison P Value

ELM 0.012
Bupa Liver PSO-ELM ABC-ELM 0.036

DE-ELM 0.025

ELM 0.012
WDBC PSO-ELM ABC-ELM 0.012

DE-ELM 0.012

ELM 0.012
Wine PSO-ELM ABC-ELM 0.017

DE-ELM 0.018

ELM 0.017
Australian PSO - ELM ABC-ELM 0.012

DE-ELM 0.012

ELM 0.012
Breast Cancer PSO-ELM ABC-ELM 0.025

DE-ELM 0.027

ELM 0.012
Thyroid PSO-ELM ABC-ELM 0.012

DE-ELM 0.012

ELM 0.012
Cleveland Heart PSO-ELM ABC-ELM 0.012

DE-ELM 0.036

ELM 0.017
Parkinson PSO-ELM ABC-ELM 0.093

DE-ELM 0.017

significance level) except that in the Parkinson dataset,
the difference of classification rate between ABC-ELM and
PSO-ELM is not obvious. In sum, it is evidence that the
better performance produced by ABC-ELM is statistically
significant.

7. Conclusions and future work

This work has explored a novel hybrid learning algorithm
named ABC-ELM, which makes use of the advantages of
both ABC and ELM method. As far as we know it is the
first application to combine ABC optimization algorithm
with ELM, meanwhile, ABC algorithm is applied to optimize
the ELM with a satisfactory training process which helps
to achieve better performance. In addition, double loop of
the 5-fold CV method is adopted to avoid the over-fitting.
As can be perceived from the experimental results, ABC-
ELM performs better than other three state-of-the-art
methods (original ELM, PSO-ELM and DE-ELM) and
more compact neural network on real world classification
datasets. It is also confirmed that due to the optimal
parameters to be selected, the desired results are more
stable with only just a few of number of hidden neurons.
Through the use of non-parametric Wilcoxon signed ranks
test, we demonstrate that the ABC-ELM method could

Table 3.
P values produced by Wilcoxon signed ranks test comparing three existing algorithms with the ABC-ELM

on eight datasets
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outperform above three algorithms in a statistically
significant fashion. Hence, it can be concluded the
developed ABC-ELM method can be a feasible and
effective alternative algorithm for neural network
optimization.

The future investigation will pay much attention to finding
the optimal number of hidden neurons and the parameters
of the weights and biases at the same time, because
many existing methods usually find the number of hidden
neurons by trial and error rather than self-adjusting. In
addition, the application of the proposed method for solving
various domain problems will also be studied.
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