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a b s t r a c t

The nearest neighbor partitioning (NNP) method is a high performance approach which is used for improving
traditional neural network classifiers. However, the construction process of NNP model is very time-consuming,
particularly for large data sets, thus limiting its range of application. In this study, a parallel NNP method
is proposed to accelerate NNP based on Compute Unified Device Architecture(CUDA). In this method, blocks
and threads are used to evaluate potential neural networks and to perform parallel subtasks, respectively.
Experimental results manifest that the proposed parallel method improves performance of NNP neural network
classifier. Furthermore, the application of parallel NNP in performance evaluation of cement microstructure
indicates that the proposed approach has favorable performance.

© 2017 Elsevier Ltd. All rights reserved.

1. Introduction

Classification is an useful tool in the field of data mining and machine
learning. It aims to learn a classification function based on existing
data or to construct a classification model, i.e., the ‘‘Classifier’’. After
learning, the function or model not only maps the data records in the
training data to a specific class but also is able to predict the unknown
samples. Specifically, the classifier is a general term for classifying the
samples in data mining, including neural networks (Lu et al., 1996;
Misra et al., 2008; Gao and Ji, 2005; Hassan, 2011), support vector
machines (López and Suykens, 2011; Vapnik, 1997; Chua, 2003), rule-
based system, decision tree (Quinlan, 1986; Freund, 1995), data
gravitation (Peng et al., 2014, 2017) etc. Artificial neural network is
a general model of approximating nonlinear function, which directly
maps samples to centroid which belongs a class. It has been successfully
used in many classification tasks (Casta et al., 2011; An et al., 2011;
Avci, 2012; Yaakob and Jain, 2012; Kang and Park, 2009).

In the traditional neural network, the position, number, and labels
of centroids are permanent in training neural networks. However,
in the optimization process, mapping the samples to fixed centroids
reduces the possibility of finding optimal neural network. Thus the
floating centroid method (FCM) (Wang et al., 2012) was proposed to
solve the above problems. Its centroids are obtained through clustering
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method (Hartigan and Wong, 1979; Zhou et al., 2016) and distributed
automatically in the entire partition space. However, the FCM also
has its limitation, e.g., it cannot yield flexible decision boundaries.
The nearest neighbor partitioning (NNP) (Wang et al., 2017) method
overcomes that limitation by generating flexible decision boundary in
a sphere-like zone. The goodness of each possible neural network in
NNP is evaluated using a nearest-neighbor criterion. NNP is able to
easily yield flexible decision boundaries and partitions, thus increases
the probability of discovering optimal solution.

Despite the NNP’s significant improvement of accuracy, its effi-
ciency, particularly in solving large size data, is still problematic. The
collection of scientific data is getting easier due to the progress of
experimental devices and technologies. However, in recent years, the
efficiency problem of approaches for big data has drawn a widely atten-
tion. In terms of NNP, the similarity computation in its training stage
is an important procedure of the nearest-neighbor criterion (Baraldi et
al., 2016; Yu et al., 2015) and its use in the target function results in the
distribution of evaluated points are essential. However, the dramatic
increase in data size increases the complexity of similarity computation
and thus affects the efficiency of NNP. Furthermore, the efficiency of
other stages in NNP, including sample mapping, normalization, and
target function calculation, are also strongly influenced by the size of
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data. Although the flexible partition and boundary of the NNP method
enlarge the possibility of finding an optimal neural network, learning
large-scale data set is still difficult and time-consuming for NNP and
restricts its scope of application.

The compute unified device architecture(CUDA), which runs on the
Graphics Processing Unit (GPU) (Gong et al., 2016), brings the dawn to
overcome the efficiency disadvantage of nearest neighbor partitioning
on low-cost platform. CUDA regards GPU as a high-performance device
that implements the management and allocation of tasks. With the use
of CUDA, it is easier for scientists and engineers to develop general pur-
pose computing intensive applications. Due to the high computational
complexity that NNP faces, a CUDA parallel computing based strategy
is proposed to accelerate NNP’s training process. In this method, blocks
and threads work together to perform the parallelization of nearest
neighbor partitioning where blocks are responsible for the evaluation
of neural networks and threads are responsible for the computation of
parallel subtasks, respectively.

This paper is organized as follows. Section 2 presents the back-
ground, related works of the NNP and CUDA programming. Section 3
describes the motivation of this study. Section 4 outlines the message
passing mechanism and thread allocation in the CUDA-based parallel
computing. Section 5 describes the experimental results and shows
its application to performance evaluation of cement microstructure,
followed by the conclusions in Section 6.

2. Background and related works

2.1. Neural network classifiers

Neural network classifier has been used for solving different types
of problems successfully. Oujaoura (2012) proposed a comparative
evaluation of the image content annotation system through the nearest
neighbor classifier and the multilayer neural networks. Kaur (2013)
proposed a neural network classifier to check the state of a patient
in its early stage and predicted the survival rate of a patient by
extracted features. Kora and Kalva (2015) presented a method for
extracting optimal characteristics from each cardiac beat with improved
bat algorithm, which further improve the performance of the neural
network. Attia et al. (2015) presented a computer-aided system for
automatic classification of Ultrasound Kidney diseases.

For binary neural network classifier, its output is either one or
zero. One for each class(one-per-class) method is applied to the multi-
class classification problem, which has several output values and each
output value is the estimated probability that a sample belongs to its
corresponding class. But in that case, the probabilistic summary of
outputs is unlikely to be equal to one. Therefore, Bridle (1990) used the
softmax activation function (SoftMax) to adjust the total of probabilities
so that it is always one. SoftMax method solved the aforementioned
problem and the classes are mutually exclusive, i.e., an input vector
can only be classified as a class. Dietterich and Bakiri (1995) presented
an error-correcting output code (ECOC) method to further improve the
robustness properties, which uses the redundant dimension to correct
the error. Wang et al. (2012) proposed a floating centroid method
to remove the limitation of fixed-centroids and further improved the
performance of neural network classifier. However, it cannot generate
flexible decision boundaries and its target function only applies to
spherical centroid-based methods. Therefore, NNP (Wang et al., 2017)
was proposed to deal with the aforementioned problems. The main ad-
vantage of the NNP is that it yields flexible decision boundaries between
different clusters. Therefore, compared with the other methods, NNP
generates flexible boundaries and removes the limitation of spherical
shape boundary from centroid-based methods. This strategy increases
the chance of finding the best neural network.

NNP adopts the particle swarm optimization (PSO) (Li et al., 2016a;
Wang et al., 2014b, 2016b; Haddar et al., 2016) to optimize the weights
and bias of neural networks (Wang and Orchard, in press). Each particle

is encoded as a vector of weights. In each generation of optimization,
when evaluating particles, samples are mapped to the partition space
by decoded particle, i.e. neural networks, and is normalized using the
Z-score (O’Neil, 2010). The normalized mapped samples (points) are
further constrained into a hypersphere. A nearest neighbor criterion
target function is used to evaluate the quality of the distribution of
points in partition space. After optimization, a model of optimal neural
network is found. In order to predict the unknown sample, the sample is
mapped by optimal neural network at first and is further categorized by
k-nearest neighbor. The general procedure of NNP is shown in Fig. 1.

2.2. Compute unified device architecture

The CUDA parallel computing architecture, which was launched by
NVIDIA, is a revolutionary general purpose computing architecture in
recent years. It contains instruction set architecture(ISA) and parallel
computation engine within the GPU so that it enables GPU to solve
complex computational problems. As a technology that supports both
hardware and software, CUDA simultaneously uses multiple GPU cores
to perform general computation processing. With the use of this archi-
tecture, the computing performance can be significantly improved. The
program can be run in a high performance on CUDA processors. The pro-
gram code based on CUDA is segmented into two categories in practice,
one is the host code running on the CPU, the other one is the device code
running on the GPU. The parallel program runs on the GPU is called
the kernel. When CUDA deals with parallel computation, the threads
constitutes block and blocks constitutes grid. Then the same kernel code
performs on a grid in parallel. The framework of CUDA is shown in
Fig. 2. It can be seen from the figure that there are several streaming
multiprocessors(SM) in each GPU. Each multiprocessor includes several
streaming processors(SP) and has a set of local 32-bit registers.

In recent years, CUDA has been used for accelerating intelligent
computing methods. Anderson and Coupland (2008) explored the use
of GPU and NVIDIA’s CUDA for fast inference speeds in a flexible
Mamdani type fuzzy inference system (FIS). Based on multi-core CPU
and GPU, Jang et al. (2008) proposed a quick and effective method of
implementation of neural networks. Li et al. (2011) presented GPUSVM,
a core package for an efficient cross validation tool, a fast training tool
and a predicting tool. Wu and Hong (2011) proposed an effective 𝑘-
means algorithm based on CUDA, which reaches better efficiency using
the triangle inequality. Juang et al. (2011) proposed the implementation
of a zero-order Takagi–Sugeno–Kang (TSK)-type fuzzy neural network
(FNN) on GPU. Sun et al. (2013) proposed a fast face detection algorithm
by the Viola–Jones cascade classifier based on CUDA, which improves
novel parallel methodologies of image integral calculation, scan window
processing and the amplification and correction of classifiers. Wang
et al. (2014c) proposed a parallel floating centroids method(PFCM) to
accelerate the FCM in CUDA platform where blocks and threads are used
for evaluating classifiers and performing subtasks separately.

3. Motivation

With the rapid development of technologies, humans are entering
the age of big data. The total amount of data in the world is growing
at a rate of double every two years. How to efficiently manage and
take advantage of big data has been a hot issue today. Big data brings
many issues for traditional computing technologies. Many traditional
approaches, which are valid on processing small size data, is very time-
consuming when the size of data increases sharply. Therefore, methods
on high performance platform, are required for large size data to reduce
its computational time.

As a promising neural network classification method, NNP exhibits
its advantage of accuracy in many fields. However, despite its accuracy,
the time complexity of adopted strategies is very high, especially for
the computation of similarity matrix. With the increase of data size,
its time complexity increases dramatically and thus slows down its
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