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A B S T R A C T

In this paper, a local linear radial basis function (LLRBF) neural network that uses a skewed Gaussian activation
function, called LLRBF-SG, is applied to the problem of ore grade estimation of highly skewed data from the
Esfordi phosphate deposit. The network is trained using SPABC-BP, a method that combines a novel
simultaneous perturbation artificial bee colony algorithm (SPABC) and back-propagation (BP) method. The
SPABC algorithm is an extension of the standard artificial bee colony (ABC) algorithm that includes a
tournament selection strategy, simultaneous perturbation stochastic approximation method and new search
equations. The predictive accuracy of the network trained with the SPABC-BP algorithm is compared with
hybrid versions of evolutionary and swarm intelligence algorithms, such as standard artificial bee colony,
covariance matrix adaptation evolution strategy (CMAES) and particle swarm optimization (PSO) with BP.
From the experimental results one concludes that networks trained with the SPABC-BP algorithm outperform
networks trained with the alternative algorithms in the process of ore grade estimation. The predictive accuracy
of the LLRBF-SG-SPABC-BP is compared with LLRBF-SPABC-BP and standard radial basis function (RBF)
trained with SPABC-BP algorithm. An analysis of the results shows that the proposed LLRBF-SG network has
higher generalization ability and is better suited to the problem of predicting ore grade values for highly skewed
data.

1. Introduction

In the last three decades, geostatistical methods have been used to
estimate ore grade values in ore deposits. Geostatistics is a powerful
tool for modeling ore deposits. However, for geostatistical methods to
be effectively applied, one needs to make some assumptions about the
data, expert knowledge and sufficient computational resources.
Alternatively, Artificial Neural Network (ANN) has been successfully
applied to the ore grade estimation problem because of their ability to
capture non-linear trends in the data. They require also less expert
knowledge and computational resources. For instance, Kapageridis and
Denby developed a modular neural network system to model ore grade
spatial variability and ore grade estimation [1]. Matias et al. compared
the accuracy of kriging, regularization networks (RN), multilayer
perceptron (MLP) networks, and radial basis function (RBF) networks
in estimating the quality of slate [2]. Samanta and Bandopadhyay
applied a RBF network to estimate ore grade values and compared the
result with a feed-forward neural network and ordinary kriging [3].
Chatterjee et al. used genetic algorithm and a clustering-based neural

network ensemble to predict lead and zinc grade in a mineral deposit
[4]. Li et al. discussed particle swarm optimization based on self-
adaptive learning to find optimal parameters of Support Vector
Regression (SVR) models for ore grade estimation [5].

Combinations of ANN and stochastic optimization methods have
been used to solve challenging problems of the academia and the
industry. In the last decade, there has been great interest among
researchers to combine evolutionary and swarm intelligence techniques
with ANN for solving complex learning problems. The evolutionary and
swarm intelligence algorithms are used to overcome some difficulties in
the construction of effective ANNs, such as the presence of local
optima. Several authors [6–10] have used stochastic optimization
algorithms to adjust the parameters of neural networks. The ABC
algorithm proposed by Karaboga [11], is one of the swarm intelligence
algorithms, which inspired by collective behaviors of bees gathering
honey.

Training neural networks is one of the most interesting application
of ABC algorithm [12]. The standard ABC algorithm has good
performance in training some types of neural networks. However, it
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can be ineffective to solve complex optimization problems. In this
study, some modifications are introduced to enhance the performance
of the standard ABC algorithm for training neural network.

Recently, a Local Linear Radial Basis Function (LLRBF) neural
network has been proposed as an effective method for non-linear
complex predictions [13]. In the LLRBF connections between the
hidden layer and the output layer are replaced by a local linear model.
The stochastic optimization algorithms are applied to improve the
generalization ability of radial basis function [14–16]. In this paper, we
proposed to use a LLRBF network with skewed Gaussian activation
function, called LLRBF-SG, to predict the ore grade value from sparse
data. The skewed Gaussian is an effective activation function that is
well-suited to the positively-skewed data distribution. Simultaneous
perturbation artificial bee colony (SPABC) algorithm, using a developed
tournament selection strategy, simultaneous perturbation stochastic
approximation (SPSA) algorithm, and new search equations are
introduced to enhance the exploration (global search) and exploitation
ability (local search) of the standard ABC algorithm. The tournament
selection is used to keep diversity in the population and prevent from
stagnation. The SPSA algorithm as a free gradient search algorithm is
applied to strengthen the exploitation ability of the SPABC algorithm.
New search equations in the employed bee phase may lead to more
diverse solutions. The global search capabilities of SPABC algorithm
are combined with the local search of back propagating (BP) algorithm
to adjust the weights, width and center parameters of the LLRBF-SG
network. The predictive performance of the network trained using the
proposed method is evaluated on the ore grade estimation problem. A
comparison is made with networks that are trained with a hybrid
version of standard ABC, Covariance Matrix Adaptation Evolution
Strategy CMAES [17], Cuckoo Search (CS) [18], Differential Evolution
(DE) [19], Improved ABC (IABC) [20] and PSO [21] algorithms. The
main contributions of this paper are:

• A skewed Gaussian activation function is introduced into the
structure of the recently developed local linear RBF neural network
to improve the performance of the network in the presence of highly
skewed data. The increase in predicting accuracy for these types of
data is illustrated in an exhaustive experimental study.

• A novel simultaneous perturbation artificial bee colony algorithm is
introduced by changing the structure of the standard ABC algorithm
as follows: A tournament selection strategy is introduced in the
artificial bee colony algorithm to improve the selection strategy. In
the employed bee phase, a new solution search equation based on
the Euclidean distance between food sources is provided to improve
the exploration ability of the standard ABC algorithm. In order to
exploit the best solution, two alternative strategies, simultaneous
perturbation stochastic approximation algorithm and the new
search equation, in the onlooker bee phase are employed. If the
current strategy fails, the alternative one is employed, in the

subsequent iteration.

• After termination of the previous algorithm, a few iterations of the
back-propagation algorithm is employed to search in the vicinity of
the best obtained solution by the SPABC algorithm.Section 2

describes the complete prediction algorithm. The results of an experi-
mental study on ore grade estimation in the Esfordi phosphate deposit
are presented in Section 3. Section 4 compares the predictive perfor-
mance of the proposed SPABC-BP algorithm with the state-of-the-art
population based algorithms on the ore grade estimation problem. The
prediction performance of the proposed LLRBF-SG is compared with
LLRBF [13] and RBF techniques in this section. Finally, a summary of
the results and conclusions of this work are given in Section 5.

2. Methodology

In this section, we first present some observatory and theorems that
are relevant to the design of the prediction algorithm. Then, the
proposed algorithm is described in detail.

2.1. Local linear radial basis function neural network

RBF neural networks are commonly used for prediction because of
their high generalization capacity and simple structure. Specifically, it
is possible to show that any sufficiently well-bounded nonlinear
function defined in a compact set can be approximated by an RBF
neural network with arbitrary accuracy [22,23].

An RBF network typically consists of three layers: an input layer, a
hidden layer, and an output layer. The hidden layer consists of hidden
nodes. The output of the hidden layer is computed as follows
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where μi is a center vector of the same dimension as the input vector
x x x σX = ( , ,…, ),n1 2 denotes a positive scalar called width, m is the

number of hidden nodes and ∥. ∥ denotes the Euclidean distance.
Skewed-radial basis functions are obtained by modulating a sym-

metric RBF with another function. These types of RBFs can improve
the predictive performance of the network [24,25]. The skewing
function can more flexibly adapt its shape to data with steep transi-
tions, or jump discontinuities [24]. In this paper, since the data are
highly skewed, a skewed Gaussian RBF is proposed as follows
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where erfc is the complementary error function defined as

∫π
t dtXerfc( ) = 2 exp(− )

X

∞
2

(3)

It should be mentioned that erfc is a data adapting function, which

Fig. 1. a) Gaussian distribution b) The proposed skewed Gaussian distribution.
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