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Deep learning is among the most rapidly growing fields
enabling computational models of multiple processing layers
to learn and represent data with multiple levels of abstraction
thus implicitly capturing intricate structures of large-scale
data. The recent surge of interest in deep learning methods
is mainly due to the abundance of complex data from
different sources (visual, medical, social, and sensor) and in
a variety of application domains, but also due to the fact that
deep learning approaches have been shown to significantly
outperform previous state-of-the-art techniques in several
research problems.

The aim of this Special Issue is to present new academic
research advances and industrial developments of machine
learning with emphasis on deep learning for engineering
applications. We received twenty-four (24) submissions and
each paper was reviewed by at least two experts. Nine (9)
papers were accepted for publication in this Special Issue,
covering a variety of topics.

In their paper, J. Kim et al. propose a Long Short-Term
Memory Recurrent Neural Network (LSTM-RNN) based
deep learning framework for energy disaggregation. The
conducted experiments on two public datasets (UK-DALE
and REDD) indicate that the proposed framework achieves
higher performance rates compared to popular Nonintrusive
Load Monitoring (NILM) techniques (including Hidden
Markov Model based frameworks).

Q. Lan et al. present an optimized GPU implementation
of 3D Convolutional Neural Networks and apply it in a video

classification scenario. Comparisons of their approach with
cuDNN suggest a significant speedup achieved by the former
approach.

Focusing on potential users of brain-computer interfaces
(BCI), E. Carabez et al. propose a Convolutional Neural
Network (CNN) based architecture for identification and
classification of brain activity elicited as P300 waves. The
CNN models used are given a novel single trial three-
dimensional (3D) representation of the electroencephalo-
gram (EEG) data as input, maintaining temporal and spatial
information close to the experimental setup. The derived
results show increased accuracy for the proposed architecture
and 3D input in single trial P300 classification compared to
other approaches in the literature.

In another paper of this collection, Y. Feng et al. present a
combined deep learning and reinforcement learning frame-
work for entity and relation extraction from unstructured
text. The proposed approach combines bidirectional LSTM,
tree-LSTM, and Q-learning technique in a two-step decision
process and attains higher recall and accuracy rates compared
to state-of-the-art methods on publicly available textual
datasets for automatic content extraction.

The application of deep learning for disease estimation
on plant images is addressed in the paper of G. Wang et
al. The authors propose a series of Convolutional Neural
Networks fine-tuned via transfer learning techniques, trained
to recognize the severity level of disease on plant images, thus
forming a framework that yields promising results.
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2 Computational Intelligence and Neuroscience

Convolutional Neural Networks are also an integral part
of the framework proposed by J. Feng et al. for geographical
scene classification. The described model aims at optimizing
the feature extractor, so that it can learn more suitable visual
vocabularies from geotagging images, resulting in higher
recognition rates than other approaches in the literature.

A brief overview of the most important techniques and
applications of deep learning in the field of computer vision
is provided in the review paper of A. Voulodimos et al. The
authors provide a short presentation and comparative anal-
ysis of three major deep learning schemes used in computer
vision, that is, ConvolutionalNeural Networks (CNNs), Deep
Belief Networks (DBNs), and Deep Boltzmann Machines
(DBMs) and StackedAutoencoders, and their applications on
major computer vision problems including object detection,
action and activity recognition, face recognition, and human
pose estimation.

Another two papers of the Special Issue also present
interesting and innovative achievements in machine learning
for engineering, though not strictly following a deep learning
approach. X. Zhao et al. propose a strategy for achieving high
accuracy in synthetic aperture radar (SAR) automatic target
recognition (ATR) tasks. Their approach includes novel pose
rectification and image normalization to produce imageswith
less variations, followed by feature extraction using wavelet
coefficients. A group of discrimination trees are learned
and combined into a final classifier in the framework of
Real-AdaBoost. The efficacy of the proposed framework is
demonstrated through extensive experiments with the public
release database MSTAR.

Finally, X. Nie et al. propose the Chaos Quantum-
behaved Cat Swarm Optimization (CQCSO) algorithm as an
improvement of the Cat Swarm Optimization (CSO) algo-
rithm.The enhanced version addresses one of the problems of
CSO, that is, the fact that it is often trapped in local optima in
nonlinear optimization problemswith a large number of local
extreme values. The authors apply their proposed algorithm
in a photovoltaic MPPT application scenario.

Athanasios Voulodimos
Nikolaos Doulamis

George Bebis
Tania Stathaki
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Over the last years deep learning methods have been shown to outperform previous state-of-the-art machine learning techniques
in several fields, with computer vision being one of the most prominent cases. This review paper provides a brief overview of some
of the most significant deep learning schemes used in computer vision problems, that is, Convolutional Neural Networks, Deep
Boltzmann Machines and Deep Belief Networks, and Stacked Denoising Autoencoders. A brief account of their history, structure,
advantages, and limitations is given, followed by a description of their applications in various computer vision tasks, such as object
detection, face recognition, action and activity recognition, and human pose estimation. Finally, a brief overview is given of future
directions in designing deep learning schemes for computer vision problems and the challenges involved therein.

1. Introduction

Deep learning allows computational models of multiple
processing layers to learn and represent data with multiple
levels of abstraction mimicking how the brain perceives and
understands multimodal information, thus implicitly captur-
ing intricate structures of large-scale data. Deep learning is
a rich family of methods, encompassing neural networks,
hierarchical probabilistic models, and a variety of unsuper-
vised and supervised feature learning algorithms. The recent
surge of interest in deep learning methods is due to the fact
that they have been shown to outperform previous state-of-
the-art techniques in several tasks, as well as the abundance
of complex data from different sources (e.g., visual, audio,
medical, social, and sensor).

The ambition to create a system that simulates the human
brain fueled the initial development of neural networks. In
1943, McCulloch and Pitts [1] tried to understand how the
brain could produce highly complex patterns by using inter-
connected basic cells, called neurons. The McCulloch and
Pitts model of a neuron, called a MCP model, has made an
important contribution to the development of artificial neural

networks. A series of major contributions in the field is pre-
sented in Table 1, including LeNet [2] and Long Short-Term
Memory [3], leading up to today’s “era of deep learning.”
One of the most substantial breakthroughs in deep learning
came in 2006, when Hinton et al. [4] introduced the Deep
Belief Network, with multiple layers of Restricted Boltzmann
Machines, greedily training one layer at a time in an unsu-
pervised way. Guiding the training of intermediate levels
of representation using unsupervised learning, performed
locally at each level, was the main principle behind a series
of developments that brought about the last decade’s surge in
deep architectures and deep learning algorithms.

Among the most prominent factors that contributed to
the huge boost of deep learning are the appearance of large,
high-quality, publicly available labelled datasets, along with
the empowerment of parallel GPUcomputing, which enabled
the transition from CPU-based to GPU-based training thus
allowing for significant acceleration in deepmodels’ training.
Additional factors may have played a lesser role as well, such
as the alleviation of the vanishing gradient problem owing to
the disengagement from saturating activation functions (such
as hyperbolic tangent and the logistic function), the proposal
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Table 1: Important milestones in the history of neural networks and machine learning, leading up to the era of deep learning.

Milestone/contribution Contributor, year
MCP model, regarded as the ancestor of the Artificial Neural Network McCulloch & Pitts, 1943
Hebbian learning rule Hebb, 1949
First perceptron Rosenblatt, 1958
Backpropagation Werbos, 1974
Neocognitron, regarded as the ancestor of the Convolutional Neural Network Fukushima, 1980
Boltzmann Machine Ackley, Hinton & Sejnowski, 1985
Restricted Boltzmann Machine (initially known as Harmonium) Smolensky, 1986
Recurrent Neural Network Jordan, 1986

Autoencoders Rumelhart, Hinton &Williams, 1986
Ballard, 1987

LeNet, starting the era of Convolutional Neural Networks LeCun, 1990
LSTM Hochreiter & Schmidhuber, 1997
Deep Belief Network, ushering the “age of deep learning” Hinton, 2006
Deep Boltzmann Machine Salakhutdinov & Hinton, 2009
AlexNet, starting the age of CNN used for ImageNet classification Krizhevsky, Sutskever, & Hinton, 2012

of new regularization techniques (e.g., dropout, batch nor-
malization, and data augmentation), and the appearance of
powerful frameworks like TensorFlow [5], theano [6], and
mxnet [7], which allow for faster prototyping.

Deep learning has fueled great strides in a variety of
computer vision problems, such as object detection (e.g.,
[8, 9]),motion tracking (e.g., [10, 11]), action recognition (e.g.,
[12, 13]), human pose estimation (e.g., [14, 15]), and semantic
segmentation (e.g., [16, 17]). In this overview, we will con-
cisely review the main developments in deep learning archi-
tectures and algorithms for computer vision applications. In
this context, we will focus on three of the most important
types of deep learning models with respect to their applica-
bility in visual understanding, that is, Convolutional Neural
Networks (CNNs), the “Boltzmann family” including Deep
Belief Networks (DBNs) and Deep Boltzmann Machines
(DBMs) and Stacked (Denoising) Autoencoders. Needless
to say, the current coverage is by no means exhaustive;
for example, Long Short-Term Memory (LSTM), in the
category of Recurrent Neural Networks, although of great
significance as a deep learning scheme, is not presented in this
review, since it is predominantly applied in problems such as
language modeling, text classification, handwriting recogni-
tion, machine translation, speech/music recognition, and less
so in computer vision problems. The overview is intended
to be useful to computer vision and multimedia analysis
researchers, as well as to general machine learning research-
ers, who are interested in the state of the art in deep learning
for computer vision tasks, such as object detection and
recognition, face recognition, action/activity recognition,
and human pose estimation.

The remainder of this paper is organized as follows. In
Section 2, the three aforementioned groups of deep learning
model are reviewed: Convolutional Neural Networks, Deep
Belief Networks andDeep BoltzmannMachines, and Stacked
Autoencoders. The basic architectures, training processes,
recent developments, advantages, and limitations of each

group are presented. In Section 3, we describe the contribu-
tion of deep learning algorithms to key computer vision tasks,
such as object detection and recognition, face recognition,
action/activity recognition, and human pose estimation; we
also provide a list of important datasets and resources for
benchmarking and validation of deep learning algorithms.
Finally, Section 4 concludes the paper with a summary of
findings.

2. Deep Learning Methods and Developments

2.1. Convolutional Neural Networks. Convolutional Neural
Networks (CNNs) were inspired by the visual system’s struc-
ture, and in particular by the models of it proposed in [18].
The first computational models based on these local con-
nectivities between neurons and on hierarchically organized
transformations of the image are found in Neocognitron [19],
which describes that when neurons with the same parameters
are applied on patches of the previous layer at different
locations, a form of translational invariance is acquired. Yann
LeCun and his collaborators later designed Convolutional
Neural Networks employing the error gradient and attaining
very good results in a variety of pattern recognition tasks [20–
22].

A CNN comprises three main types of neural layers,
namely, (i) convolutional layers, (ii) pooling layers, and (iii)
fully connected layers. Each type of layer plays a different role.
Figure 1 shows a CNN architecture for an object detection
in image task. Every layer of a CNN transforms the input
volume to an output volume of neuron activation, eventually
leading to the final fully connected layers, resulting in a
mapping of the input data to a 1D feature vector. CNNs have
been extremely successful in computer vision applications,
such as face recognition, object detection, powering vision in
robotics, and self-driving cars.

(i) Convolutional Layers. In the convolutional layers, a CNN
utilizes various kernels to convolve the whole image as
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Figure 1: Example architecture of a CNN for a computer vision task (object detection).

well as the intermediate feature maps, generating various
feature maps. Because of the advantages of the convolution
operation, several works (e.g., [23, 24]) have proposed it as a
substitute for fully connected layers with a view to attaining
faster learning times.

(ii) Pooling Layers.Pooling layers are in charge of reducing the
spatial dimensions (width × height) of the input volume for
the next convolutional layer.The pooling layer does not affect
the depth dimension of the volume.The operation performed
by this layer is also called subsampling or downsampling, as
the reduction of size leads to a simultaneous loss of infor-
mation. However, such a loss is beneficial for the network
because the decrease in size leads to less computational over-
head for the upcoming layers of the network, and also it works
against overfitting. Average pooling and max pooling are the
most commonly used strategies. In [25] a detailed theoretical
analysis of max pooling and average pooling performances
is given, whereas in [26] it was shown that max pooling can
lead to faster convergence, select superior invariant features,
and improve generalization. Also there are a number of
other variations of the pooling layer in the literature, each
inspired by different motivations and serving distinct needs,
for example, stochastic pooling [27], spatial pyramid pooling
[28, 29], and def-pooling [30].

(iii) Fully Connected Layers. Following several convolutional
and pooling layers, the high-level reasoning in the neural
network is performed via fully connected layers. Neurons in
a fully connected layer have full connections to all activation
in the previous layer, as their name implies. Their activation
can hence be computed with amatrixmultiplication followed
by a bias offset. Fully connected layers eventually convert
the 2D feature maps into a 1D feature vector. The derived
vector either could be fed forward into a certain number of
categories for classification [31] or could be considered as a
feature vector for further processing [32].

The architecture of CNNs employs three concrete ideas:
(a) local receptive fields, (b) tied weights, and (c) spatial
subsampling. Based on local receptive field, each unit in a
convolutional layer receives inputs from a set of neighboring
units belonging to the previous layer. This way neurons are

capable of extracting elementary visual features such as edges
or corners. These features are then combined by the subse-
quent convolutional layers in order to detect higher order
features. Furthermore, the idea that elementary feature detec-
tors, which are useful on a part of an image, are likely to be
useful across the entire image is implemented by the concept
of tied weights. The concept of tied weights constraints a set
of units to have identical weights. Concretely, the units of
a convolutional layer are organized in planes. All units of a
plane share the same set of weights. Thus, each plane is res-
ponsible for constructing a specific feature. The outputs of
planes are called feature maps. Each convolutional layer
consists of several planes, so that multiple feature maps can
be constructed at each location.

During the construction of a featuremap, the entire image
is scanned by a unit whose states are stored at corresponding
locations in the feature map. This construction is equivalent
to a convolution operation, followed by an additive bias term
and sigmoid function:

y(𝑑) = 𝜎 (Wy(𝑑−1) + b) , (1)

where 𝑑 stands for the depth of the convolutional layer,W is
the weight matrix, and b is the bias term. For fully connected
neural networks, the weight matrix is full, that is, connects
every input to every unit with different weights. For CNNs,
the weight matrixW is very sparse due to the concept of tied
weights. Thus,W has the form of

[[[[[[
[

w 0 ⋅ ⋅ ⋅ 0
0 w ⋅ ⋅ ⋅ 0
... ⋅ ⋅ ⋅ d

...
0 ⋅ ⋅ ⋅ 0 w

]]]]]]
]

, (2)

where w are matrices having the same dimensions with the
units’ receptive fields. Employing a sparse weight matrix
reduces the number of network’s tunable parameters and thus
increases its generalization ability. Multiplying W with layer
inputs is like convolving the input with w, which can be seen
as a trainable filter. If the input to𝑑−1 convolutional layer is of
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dimension𝑁×𝑁 and the receptive field of units at a specific
plane of convolutional layer 𝑑 is of dimension 𝑚 × 𝑚, then
the constructed feature map will be a matrix of dimensions(𝑁−𝑚+1) × (𝑁−𝑚+1). Specifically, the element of feature
map at (𝑖, 𝑗) location will be

y(𝑑)𝑖𝑗 = 𝜎 (𝑥(𝑑)𝑖𝑗 + 𝑏) (3)

with

𝑥(𝑑)𝑖𝑗 = 𝑚−1∑
𝛼=0

𝑚−1∑
𝑏=0

𝑤𝛼𝑏y(𝑑−1)(𝑖+𝛼)(𝑗+𝑏), (4)

where the bias term 𝑏 is scalar. Using (4) and (3) sequentially
for all (𝑖, 𝑗) positions of input, the feature map for the corres-
ponding plane is constructed.

One of the difficulties that may arise with training of
CNNs has to do with the large number of parameters that
have to be learned, which may lead to the problem of
overfitting. To this end, techniques such as stochastic pooling,
dropout, and data augmentation have been proposed. Fur-
thermore, CNNs are often subjected to pretraining, that is, to
a process that initializes the network with pretrained param-
eters instead of randomly set ones. Pretraining can accelerate
the learning process and also enhance the generalization
capability of the network.

Overall, CNNs were shown to significantly outperform
traditional machine learning approaches in a wide range of
computer vision and pattern recognition tasks [33], examples
of which will be presented in Section 3. Their exceptional
performance combined with the relative easiness in training
are the main reasons that explain the great surge in their
popularity over the last few years.

2.2. Deep Belief Networks and Deep Boltzmann Machines.
Deep Belief Networks and Deep Boltzmann Machines are
deep learning models that belong in the “Boltzmann family,”
in the sense that they utilize the Restricted Boltzmann
Machine (RBM) as learning module. The Restricted Boltz-
mann Machine (RBM) is a generative stochastic neural net-
work. DBNs have undirected connections at the top two
layers which form an RBM and directed connections to the
lower layers. DBMs have undirected connections between all
layers of the network. A graphic depiction of DBNs and
DBMs can be found in Figure 2. In the following subsections,
we will describe the basic characteristics of DBNs and DBMs,
after presenting their basic building block, the RBM.

2.2.1. Restricted Boltzmann Machines. A Restricted Boltz-
mann Machine ([34, 35]) is an undirected graphical model
with stochastic visible variables k ∈ {0, 1}𝐷 and stochastic
hidden variables h ∈ {0, 1}𝐹, where each visible variable is
connected to each hidden variable. AnRBM is a variant of the
BoltzmannMachine, with the restriction that the visible units
and hidden unitsmust form a bipartite graph.This restriction
allows formore efficient training algorithms, in particular the
gradient-based contrastive divergence algorithm [36].

The model defines the energy function 𝐸: {0, 1}𝐷 ×{0, 1}𝐹 → R:

𝐸 (k, h; 𝜃) = − 𝐷∑
𝑖=1

𝐹∑
𝑗=1

𝑊𝑖𝑗V𝑖ℎ𝑗 − 𝐷∑
𝑖=1

𝑏𝑖V𝑖 − 𝐹∑
𝑗=1

𝛼𝑗ℎ𝑗, (5)

where 𝜃 = {a, b,W} are the model parameters; that is, 𝑊𝑖𝑗
represents the symmetric interaction term between visible
unit 𝑖 and hidden unit 𝑗, and 𝑏𝑖, 𝑎𝑗 are bias terms.

The joint distribution over the visible and hidden units is
given by

𝑃 (k, h; 𝜃) = 1
Z (𝜃) exp (−𝐸 (k, h; 𝜃)) ,

Z (𝜃) = ∑
k
∑
h
exp (−𝐸 (k, h; 𝜃)) , (6)

whereZ(𝜃) is the normalizing constant.The conditional dis-
tributions over hidden h and visible v vectors can be derived
by (5) and (6) as

𝑃 (h | k; 𝜃) = 𝐹∏
𝑗=1

𝑝 (ℎ𝑗 | k) ,

𝑃 (k | h; 𝜃) = 𝐷∏
𝑖=1

𝑝 (V𝑖 | h) .
(7)

Given a set of observations {k𝑛}𝑁𝑛=1 the derivative of the log-
likelihood with respect to the model parameters can be de-
rived by (6) as

1𝑁
𝑁∑
𝑛=1

𝜕 log𝑃 (k𝑛; 𝜃)𝜕𝑊𝑖𝑗 = E𝑃data [V𝑖ℎ𝑗] − E𝑃model
[V𝑖ℎ𝑗] , (8)

where E𝑃data denotes an expectation with respect to the data
distribution 𝑃data(h, k; 𝜃) = 𝑃(h | k; 𝜃)𝑃data(k), with 𝑃data(k) =(1/𝑁)∑𝑛 𝛿(k − kn) representing the empirical distribution
and E𝑃model is an expectation with respect to the distribution
defined by the model, as in (6).

A detailed explanation along with the description of a
practical way to train RBMs was given in [37], whereas [38]
discusses the main difficulties of training RBMs and their
underlying reasons and proposes a new algorithm with an
adaptive learning rate and an enhanced gradient, so as to
address the aforementioned difficulties.

2.2.2. Deep Belief Networks. Deep Belief Networks (DBNs)
are probabilistic generative models which provide a joint
probability distribution over observable data and labels.They
are formed by stacking RBMs and training them in a greedy
manner, as was proposed in [39]. A DBN initially employs an
efficient layer-by-layer greedy learning strategy to initialize
the deep network, and, in the sequel, fine-tunes all weights
jointly with the desired outputs. DBNs are graphical models
which learn to extract a deep hierarchical representation of
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Figure 2: Deep Belief Network (DBN) and Deep Boltzmann Machine (DBM). The top two layers of a DBN form an undirected graph and
the remaining layers form a belief network with directed, top-down connections. In a DBM, all connections are undirected.

the training data. They model the joint distribution between
observed vector x and the 𝑙 hidden layers h𝑘 as follows:

𝑃 (x, h1, . . . , h𝑙) = ( 𝑙−2∏
𝑘=0

𝑃 (h𝑘 | h𝑘+1))𝑃 (h𝑙−1, h𝑙) , (9)

where x = h0, 𝑃(h𝑘 | h𝑘+1) is a conditional distribution for
the visible units at level 𝑘 conditioned on the hidden units of
the RBM at level 𝑘 + 1, and 𝑃(h𝑙−1 | h𝑙) is the visible-hidden
joint distribution in the top-level RBM.

The principle of greedy layer-wise unsupervised training
can be applied to DBNs with RBMs as the building blocks for
each layer [33, 39]. A brief description of the process follows:

(1) Train the first layer as an RBM that models the raw
input x = h0 as its visible layer.

(2) Use that first layer to obtain a representation of the
input that will be used as data for the second layer.
Two common solutions exist. This representation can
be chosen as being themean activation𝑃(h1 = 1 | h0)
or samples of 𝑃(h1 | h0).

(3) Train the second layer as an RBM, taking the trans-
formed data (samples or mean activation) as training
examples (for the visible layer of that RBM).

(4) Iterate steps ((2) and (3)) for the desired number of
layers, each time propagating upward either samples
or mean values.

(5) Fine-tune all the parameters of this deep architecture
with respect to a proxy for the DBN log- likelihood,
or with respect to a supervised training criterion
(after adding extra learning machinery to convert the
learned representation into supervised predictions,
e.g., a linear classifier).

There are twomain advantages in the above-described greedy
learning process of theDBNs[40].First, it tackles the challenge

of appropriate selection of parameters, which in some cases
can lead to poor local optima, thereby ensuring that the net-
work is appropriately initialized. Second, there is no require-
ment for labelled data since the process is unsupervised.
Nevertheless, DBNs are also plagued by a number of short-
comings, such as the computational cost associated with
training a DBN and the fact that the steps towards further
optimization of the network based on maximum likelihood
training approximation are unclear [41]. Furthermore, a
significant disadvantage of DBNs is that they do not account
for the two-dimensional structure of an input image, which
may significantly affect their performance and applicabil-
ity in computer vision and multimedia analysis problems.
However, a later variation of the DBN, the Convolutional
Deep Belief Network (CDBN) ([42, 43]), uses the spatial
information of neighboring pixels by introducing convolu-
tional RBMs, thus producing a translation invariant gener-
ative model that successfully scales when it comes to high
dimensional images, as is evidenced in [44].

2.2.3. Deep BoltzmannMachines. Deep BoltzmannMachines
(DBMs) [45] are another type of deep model using RBM as
their building block. The difference in architecture of DBNs
is that, in the latter, the top two layers form an undirected
graphical model and the lower layers form a directed gen-
erative model, whereas in the DBM all the connections are
undirected.DBMshavemultiple layers of hiddenunits, where
units in odd-numbered layers are conditionally indepen-
dent of even-numbered layers, and vice versa. As a result,
inference in the DBM is generally intractable. Nonetheless,
an appropriate selection of interactions between visible and
hidden units can lead tomore tractable versions of themodel.
During network training, a DBM jointly trains all layers of
a specific unsupervised model, and instead of maximizing
the likelihood directly, the DBM uses a stochastic maximum
likelihood (SML) [46] based algorithm tomaximize the lower
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bound on the likelihood. Such a process would seem vulner-
able to falling in poor local minima [45], leaving several units
effectively dead. Instead, a greedy layer-wise training strategy
was proposed [47], which essentially consists in pretraining
the layers of the DBM, similarly to DBN, namely, by stacking
RBMs and training each layer to independently model the
output of the previous layer, followed by a final joint fine-
tuning.

Regarding the advantages of DBMs, they can capture
many layers of complex representations of input data and
they are appropriate for unsupervised learning since they
can be trained on unlabeled data, but they can also be fine-
tuned for a particular task in a supervised fashion. One of
the attributes that sets DBMs apart from other deep models
is that the approximate inference process of DBMs includes,
apart from the usual bottom-up process, a top-down feed-
back, thus incorporating uncertainty about inputs in a more
effective manner. Furthermore, in DBMs, by following the
approximate gradient of a variational lower bound on the
likelihood objective, one can jointly optimize the parameters
of all layers, which is very beneficial especially in cases of
learning models from heterogeneous data originating from
different modalities [48].

As far as the drawbacks of DBMs are concerned, one of
the most important ones is, as mentioned above, the high
computational cost of inference, which is almost prohibitive
when it comes to joint optimization in sizeable datasets.
Severalmethods have beenproposed to improve the effective-
ness of DBMs. These include accelerating inference by using
separate models to initialize the values of the hidden units in
all layers [47, 49], or other improvements at the pretraining
stage [50, 51] or at the training stage [52, 53].

2.3. Stacked (Denoising) Autoencoders. Stacked Autoen-
coders use the autoencoder as their main building block,
similarly to the way that Deep Belief Networks use Restricted
BoltzmannMachines as component. It is therefore important
to briefly present the basics of the autoencoder and its denois-
ing version, before describing the deep learning architecture
of Stacked (Denoising) Autoencoders.

2.3.1. Autoencoders. An autoencoder is trained to encode the
input x into a representation r(x) in a way that input can be
reconstructed from r(x) [33].The target output of the autoen-
coder is thus the autoencoder input itself. Hence, the output
vectors have the same dimensionality as the input vector.
In the course of this process, the reconstruction error is
being minimized, and the corresponding code is the learned
feature. If there is one linear hidden layer and the mean
squared error criterion is used to train the network, then the 𝑘
hidden units learn to project the input in the span of the first𝑘 principal components of the data [54]. If the hidden layer
is nonlinear, the autoencoder behaves differently from PCA,
with the ability to capture multimodal aspects of the input
distribution [55]. The parameters of the model are optimized
so that the average reconstruction error is minimized. There
are many alternatives to measure the reconstruction error,
including the traditional squared error:

Hidden node Reconstruct error

ReconstructionInputCorrupted input

Figure 3: Denoising autoencoder [56].

𝐿 = ‖x − f (r (x))‖2 , (10)

where function f is the decoder and f(r(x)) is the reconstruc-
tion produced by the model.

If the input is interpreted as bit vectors or vectors of bit
probabilities, then the loss function of the reconstruction
could be represented by cross-entropy; that is,

𝐿 = −∑
𝑖

x𝑖 log f𝑖 (r (x)) + (1 − x𝑖) log (1 − f𝑖 (r (x))) . (11)

The goal is for the representation (or code) r(x) to be a
distributed representation that manages to capture the coor-
dinates along the main variations of the data, similarly to the
principle of Principal Components Analysis (PCA). Given
that r(x) is not lossless, it is impossible for it to constitute a
successful compression for all input x. The aforementioned
optimization process results in low reconstruction error on
test examples from the same distribution as the training
examples but generally high reconstruction error on samples
arbitrarily chosen from the input space.

2.3.2. Denoising Autoencoders. The denoising autoencoder
[56] is a stochastic version of the autoencoder where the input
is stochastically corrupted, but the uncorrupted input is still
used as target for the reconstruction. In simple terms, there
are two main aspects in the function of a denoising autoen-
coder: first it tries to encode the input (namely, preserve the
information about the input), and second it tries to undo the
effect of a corruption process stochastically applied to the
input of the autoencoder (see Figure 3). The latter can only
be done by capturing the statistical dependencies between the
inputs. It can be shown that the denoising autoencoder max-
imizes a lower bound on the log-likelihood of a generative
model.

In [56], the stochastic corruption process arbitrarily sets a
number of inputs to zero. Then the denoising autoencoder is
trying to predict the corrupted values from the uncorrupted
ones, for randomly selected subsets of missing patterns. In
essence, the ability to predict any subset of variables from
the remaining ones is a sufficient condition for completely
capturing the joint distribution between a set of variables. It
should be mentioned that using autoencoders for denoising
was introduced in earlier works (e.g., [57]), but the substantial
contribution of [56] lies in the demonstration of the success-
ful use of the method for unsupervised pretraining of a deep
architecture and in linking the denoising autoencoder to a
generative model.
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2.3.3. Stacked (Denoising) Autoencoders. It is possible to stack
denoising autoencoders in order to form a deep network by
feeding the latent representation (output code) of the denois-
ing autoencoder of the layer below as input to the current
layer.The unsupervised pretraining of such an architecture is
done one layer at a time. Each layer is trained as a denoising
autoencoder by minimizing the error in reconstructing its
input (which is the output code of the previous layer). When
the first 𝑘 layers are trained, we can train the (𝑘 + 1)th layer
since it will then be possible compute the latent representa-
tion from the layer underneath.

When pretraining of all layers is completed, the network
goes through a second stage of training called fine-tuning.
Here supervised fine-tuning is considered when the goal is to
optimize prediction error on a supervised task. To this end, a
logistic regression layer is added on the output code of the
output layer of the network. The derived network is then
trained like a multilayer perceptron, considering only the
encoding parts of each autoencoder at this point.This stage is
supervised, since the target class is taken into account during
training.

As is easily seen, the principle for training stacked auto-
encoders is the same as the one previously described for
Deep Belief Networks, but using autoencoders instead of
Restricted Boltzmann Machines. A number of comparative
experimental studies show that Deep Belief Networks tend to
outperform stacked autoencoders ([58, 59]), but this is not
always the case, especially when DBNs are compared to
Stacked Denoising Autoencoders [56].

One strength of autoencoders as the basic unsupervised
component of a deep architecture is that, unlike with RBMs,
they allow almost any parametrization of the layers, on
condition that the training criterion is continuous in the
parameters. In contrast, one of the shortcomings of SAs is
that they do not correspond to a generative model, when
with generative models like RBMs and DBNs, samples can be
drawn to check the outputs of the learning process.

2.4. Discussion. Some of the strengths and limitations of the
presented deep learningmodels were already discussed in the
respective subsections. In an attempt to compare these mod-
els (for a summary see Table 2), we can say that CNNs have
generally performed better than DBNs in current literature
on benchmark computer vision datasets such as MNIST. In
cases where the input is nonvisual, DBNs often outperform
other models, but the difficulty in accurately estimating joint
probabilities as well as the computational cost in creating a
DBN constitutes drawbacks. Amajor positive aspect of CNNs
is “feature learning,” that is, the bypassing of handcrafted
features, which are necessary for other types of networks;
however, in CNNs features are automatically learned. On the
other hand, CNNs rely on the availability of ground truth,
that is, labelled training data, whereas DBNs/DBMs and SAs
do not have this limitation and can work in an unsupervised
manner. On a different note, one of the disadvantages of
autoencoders lies in the fact that they could become ineffec-
tive if errors are present in the first layers. Such errors may
cause the network to learn to reconstruct the average of the
training data. Denoising autoencoders [56], however, can

Table 2: Comparison of CNNs, DBNs/DBMs, and SdAs with
respect to a number of properties. + denotes a good performance
in the property and − denotes bad performance or complete lack
thereof.

Model properties CNNs DBNs/DBMs SdAs
Unsupervised learning − + +
Training efficiency − − +
Feature learning + − −
Scale/rotation/translation invariance + − −
Generalization + + +

retrieve the correct input from a corrupted version, thus lead-
ing the network to grasp the structure of the input distribu-
tion. In terms of the efficiency of the training process, only in
the case of SAs is real-time training possible, whereas CNNs
and DBNs/DBMs training processes are time-consuming.
Finally, one of the strengths of CNNs is the fact that they can
be invariant to transformations such as translation, scale, and
rotation. Invariance to translation, rotation, and scale is one
of themost important assets of CNNs, especially in computer
vision problems, such as object detection, because it allows
abstracting an object’s identity or category from the specifics
of the visual input (e.g., relative positions/orientation of the
camera and the object), thus enabling the network to effec-
tively recognize a given object in cases where the actual pixel
values on the image can significantly differ.

3. Applications in Computer Vision

In this section, we survey works that have leveraged deep
learning methods to address key tasks in computer vision,
such as object detection, face recognition, action and activity
recognition, and human pose estimation.

3.1. Object Detection. Object detection is the process of
detecting instances of semantic objects of a certain class
(such as humans, airplanes, or birds) in digital images and
video (Figure 4). A common approach for object detection
frameworks includes the creation of a large set of candidate
windows that are in the sequel classified using CNN features.
For example, the method described in [32] employs selective
search [60] to derive object proposals, extracts CNN features
for each proposal, and then feeds the features to an SVM
classifier to decide whether the windows include the object
or not. A large number of works is based on the concept of
Regions with CNN features proposed in [32]. Approaches
following the Regions with CNN paradigm usually have
good detection accuracies (e.g., [61, 62]); however, there is
a significant number of methods trying to further improve
the performance of Regions with CNN approaches, some of
which succeed in finding approximate object positions but
often cannot precisely determine the exact position of the
object [63]. To this end, such methods often follow a joint
object detection—semantic segmentation approach [64–66],
usually attaining good results.

A vast majority of works on object detection using deep
learning apply a variation of CNNs, for example, [8, 67, 68]
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(a) (b) (c)

Figure 4: Object detection results comparison from [66]. (a) Ground truth; (b) bounding boxes obtained with [32]; (c) bounding boxes
obtained with [66].

(in which a new def-pooling layer and new learning strategy
are proposed), [9] (weakly supervised cascaded CNNs), and
[69] (subcategory-aware CNNs). However, there does exist
a relatively small number of object detection attempts using
other deep models. For example, [70] proposes a coarse
object locating method based on a saliency mechanism in
conjunction with a DBN for object detection in remote
sensing images; [71] presents a newDBN for 3D object recog-
nition, in which the top-level model is a third-order Boltz-
mann machine, trained using a hybrid algorithm that com-
bines both generative and discriminative gradients; [72]
employs a fused deep learning approach, while [73] explores
the representation capabilities of a deep model in a semisu-
pervised paradigm. Finally, [74] leverages stacked autoen-
coders for multiple organ detection in medical images, while
[75] exploits saliency-guided stacked autoencoders for video-
based salient object detection.

3.2. Face Recognition. Face recognition is one of the hottest
computer vision applications with great commercial interest
as well. A variety of face recognition systems based on the
extraction of handcrafted features have been proposed [76–
79]; in such cases, a feature extractor extracts features from
an aligned face to obtain a low-dimensional representation,
based on which a classifier makes predictions. CNNs brought
about a change in the face recognition field, thanks to their
feature learning and transformation invariance properties.
The first work employing CNNs for face recognitionwas [80];

today light CNNs [81] and VGG Face Descriptor [82] are
among the state of the art. In [44] a Convolutional DBN
achieved a great performance in face verification.

Moreover, Google’s FaceNet [83] and Facebook’s Deep-
Face [84] are both based on CNNs. DeepFace [84] models
a face in 3D and aligns it to appear as a frontal face. Then,
the normalized input is fed to a single convolution-pooling-
convolution filter, followed by three locally connected layers
and two fully connected layers used to make final predic-
tions. Although DeepFace attains great performance rates,
its representation is not easy to interpret because the faces
of the same person are not necessarily clustered during the
training process. On the other hand, FaceNet defines a triplet
loss function on the representation, whichmakes the training
process learn to cluster the face representation of the same
person. Furthermore, CNNs constitute the core of OpenFace
[85], an open-source face recognition tool, which is of
comparable (albeit a little lower) accuracy, is open-source,
and is suitable for mobile computing, because of its smaller
size and fast execution time.

3.3. Action and Activity Recognition. Human action and
activity recognition is a research issue that has received a lot
of attention from researchers [86, 87]. Many works on human
activity recognition based on deep learning techniques have
been proposed in the literature in the last few years [88]. In
[89] deep learning was used for complex event detection and
recognition in video sequences: first, saliencymapswere used
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for detecting and localizing events, and then deep learning
was applied to the pretrained features for identifying the
most important frames that correspond to the underlying
event. In [90] the authors successfully employ a CNN-based
approach for activity recognition in beach volleyball, sim-
ilarly to the approach of [91] for event classification from
large-scale video datasets; in [92], a CNN model is used for
activity recognition based on smartphone sensor data. The
authors of [12] incorporate a radius–margin bound as a reg-
ularization term into the deep CNNmodel, which effectively
improves the generalization performance of the CNN for
activity classification. In [13], the authors scrutinize the appli-
cability of CNN as joint feature extraction and classification
model for fine-grained activities; they find that due to the
challenges of large intraclass variances, small interclass vari-
ances, and limited training samples per activity, an approach
that directly uses deep features learned from ImageNet in an
SVM classifier is preferable.

Driven by the adaptability of the models and by the
availability of a variety of different sensors, an increasingly
popular strategy for human activity recognition consists in
fusing multimodal features and/or data. In [93], the authors
mixed appearance andmotion features for recognizing group
activities in crowded scenes collected from the web. For the
combination of the different modalities, the authors applied
multitask deep learning. The work of [94] explores combina-
tion of heterogeneous features for complex event recognition.
The problem is viewed as two different tasks: first, the most
informative features for recognizing events are estimated, and
then the different features are combined using an AND/OR
graph structure. There is also a number of works combining
more than one type of model, apart from several data modal-
ities. In [95], the authors propose a multimodal multistream
deep learning framework to tackle the egocentric activity
recognition problem, using both the video and sensor data
and employing a dual CNNs and Long Short-Term Memory
architecture. Multimodal fusion with a combined CNN and
LSTM architecture is also proposed in [96]. Finally, [97] uses
DBNs for activity recognition using input video sequences
that also include depth information.

3.4. Human Pose Estimation. The goal of human pose esti-
mation is to determine the position of human joints from
images, image sequences, depth images, or skeleton data as
provided by motion capturing hardware [98]. Human pose
estimation is a very challenging task owing to the vast range
of human silhouettes and appearances, difficult illumination,
and cluttered background. Before the era of deep learning,
pose estimation was based on detection of body parts, for
example, through pictorial structures [99].

Moving on to deep learning methods in human pose
estimation, we can group them into holistic and part-based
methods, depending on the way the input images are pro-
cessed. The holistic processing methods tend to accomplish
their task in a global fashion and do not explicitly define a
model for each individual part and their spatial relationships.
DeepPose [14] is a holistic model that formulates the human
pose estimation method as a joint regression problem and
does not explicitly define the graphical model or part detec-
tors for the human pose estimation. Nevertheless, holistic-
based methods tend to be plagued by inaccuracy in the

high-precision region due to the difficulty in learning direct
regression of complex pose vectors from images.

On the other hand, the part-based processing methods
focus on detecting the human body parts individually, fol-
lowed by a graphic model to incorporate the spatial informa-
tion. In [15], the authors, instead of training the network using
the whole image, use the local part patches and background
patches to train a CNN, in order to learn conditional prob-
abilities of the part presence and spatial relationships. In
[100] the approach trains multiple smaller CNNs to perform
independent binary body-part classification, followed with a
higher-level weak spatialmodel to remove strong outliers and
to enforce global pose consistency. Finally, in [101], a multi-
resolution CNN is designed to perform heat-map likelihood
regression for each body part, followed with an implicit
graphic model to further promote joint consistency.

3.5. Datasets. The applicability of deep learning approaches
has been evaluated on numerous datasets, whose content
varied greatly, according the application scenario. Regardless
of the investigated case, the main application domain is
(natural) images. A brief description of utilized datasets
(traditional and new ones) for benchmarking purposes is
provided below.

(1) Grayscale Images.Themost used grayscale images dataset
is MNIST [20] and its variations, that is, NIST and perturbed
NIST. The application scenario is the recognition of hand-
written digits.

(2) RGB Natural Images. Caltech RGB image datasets [102],
for example, Caltech 101/Caltech 256 and the Caltech Sil-
houettes, contain pictures of objects belonging to 101/256
categories. CIFAR datasets [103] consist of thousands of 32 ×32 color images in various classes. COIL datasets [104] consist
of different objects imaged at every angle in a 360 rotation.

(3) Hyperspectral Images. SCIEN hyperspectral image data
[105] and AVIRIS sensor based datasets [106], for example,
contain hyperspectral images.

(4) Facial Characteristics Images.Adience benchmark dataset
[107] can be used for facial attributes identification, that
is, age and gender, from images of faces. Face recognition
in unconstrained environments [108] is another commonly
used dataset.

(5) Medical Images. Chest X-ray dataset [109] comprises
112120 frontal-view X-ray images of 30805 unique patients
with the text-mined fourteen disease image labels (where
each image canhavemultilabels). LymphNodeDetection and
Segmentation datasets [110] consist of Computed Tomogra-
phy images of the mediastinum and abdomen.

(6) Video Streams. The WR datasets [111, 112] can be used
for video-based activity recognition in assembly lines [113],
containing sequences of 7 categories of industrial tasks.
YouTube-8M [114] is a dataset of 8 million YouTube video
URLs, along with video-level labels from a diverse set of 4800
Knowledge Graph entities.
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4. Conclusions

The surge of deep learning over the last years is to a great ex-
tent due to the strides it has enabled in the field of computer
vision.The three key categories of deep learning for computer
vision that have been reviewed in this paper, namely, CNNs,
the “Boltzmann family” including DBNs and DBMs, and
SdAs, have been employed to achieve significant performance
rates in a variety of visual understanding tasks, such as object
detection, face recognition, action and activity recognition,
human pose estimation, image retrieval, and semantic seg-
mentation. However, each category has distinct advantages
and disadvantages. CNNs have the unique capability of
feature learning, that is, of automatically learning features
based on the given dataset. CNNs are also invariant to trans-
formations, which is a great asset for certain computer vision
applications. On the other hand, they heavily rely on the
existence of labelled data, in contrast to DBNs/DBMs and
SdAs, which can work in an unsupervised fashion. Of the
models investigated, both CNNs and DBNs/DBMs are com-
putationally demanding when it comes to training, whereas
SdAs can be trained in real time under certain circumstances.

As a closing note, in spite of the promising—in some cases
impressive—results that have been documented in the litera-
ture, significant challenges do remain, especially as far as the
theoretical groundwork that would clearly explain the ways
to define the optimal selection of model type and structure
for a given task or to profoundly comprehend the reasons
for which a specific architecture or algorithm is effective
in a given task or not. These are among the most impor-
tant issues that will continue to attract the interest of the
machine learning research community in the years to come.
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A strategy is introduced for achieving high accuracy in synthetic aperture radar (SAR) automatic target recognition (ATR) tasks.
Initially, a novel pose rectification process and an image normalization process are sequentially introduced to produce images
with less variations prior to the feature processing stage. Then, feature sets that have a wealth of texture and edge information
are extracted with the utilization of wavelet coefficients, where more effective and compact feature sets are acquired by reducing
the redundancy and dimensionality of the extracted feature set. Finally, a group of discrimination trees are learned and combined
into a final classifier in the framework of Real-AdaBoost. The proposed method is evaluated with the public release database for
moving and stationary target acquisition and recognition (MSTAR). Several comparative studies are conducted to evaluate the
effectiveness of the proposed algorithm. Experimental results show the distinctive superiority of the proposed method under both
standard operating conditions (SOCs) and extended operating conditions (EOCs).Moreover, our additional tests suggest that good
recognition accuracy can be achieved even with limited number of training images as long as these are captured with appropriately
incremental sample step in target poses.

1. Introduction

Synthetic aperture radar (SAR) is a valuable technique for
remote sensing and monitoring applications. Automatic tar-
get recognition (ATR) of SAR images is one of the most
challenging SAR applications [1]. A typical SAR ATR system
recognizes tactical ground targets of interests, that is, tanks,
howitzers, and armoured vehicles, which is essential for iden-
tifying friends and foes and prerequisite for precision strikes.

SAR ATR involves a sequence of processes, such as
some type of preprocessing, feature extraction, classifier con-
struction, and finally target classification. The preprocessing
stage may involve multiple types of processing that aims at
facilitating the efficiency of image interpretation and analysis
in the subsequent stages, for example, by suppressing the
clutter reflections that obscure the contrast between the target
of interest and the clutter. Moreover, SAR images are resized,
shifted, and rotated to predefined standards. The so-called
resizing is normally implemented by cropping out part of the

image. The shifting and rotating processes are also known as
image registration and pose rectification, respectively [2, 3].

Feature extraction is another essential stage which
extracts effective discriminant features for improving recog-
nition accuracy. Several features have already been exploited
in SAR ATR [4–10]. Based on the consideration that tactical
ground targets usually have a rectangular shape with different
widths and lengths, geometric features are commonly used
in SAR ATR. Zernike moments (ZMs) are employed in [6],
taking advantage of their linear transformation invariance
properties and robustness to the presence of noise. In [7],
features are extracted based on pseudo-Zernike moments
(pZm), which have merits such as the invariance properties,
the independent property, andmuch lower sensitivity to noise
in comparison with the ZMs. In [11], multiple geometric
features are produced from calculating the axis projection of
a target shape blob rotated clockwise with certain increment
about the centre of the target. Then, the redundancy of the
learned feature set is eliminated by keeping the rank of the
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Figure 1: The SAR ATR scheme.

covariancematrix of the new feature set the same as that of the
entire data set. However, the geometric features of the target
of interest in SAR images are difficult to measure precisely
due to the cluttered background and variations in poses
and depression angles. Therefore, the recognition accuracy
is not guaranteed. The polar mapping method, which is
frequently used in ISAR image classification, is modified and
used in [3] to address the SAR ATR problem. The original
images are converted from the original 2D spatial domain
(range and cross-range) to images in the polar coordinate
domain (radius and angle) to produce polar-mapped images.
The polar-mapped images are similar to the images that
are mapped from the same target even in different poses.
For that reason, the commonly used pose estimator is not
necessarily needed for polar-mapped images. However, the
performance of the polar mapping method depends highly
on the determination of the reference central point for coor-
dinate transformation, which is not a simple task especially
for SAR images captured under various clutter environments.

Certain features are not feasible to be directly applied to
classification due to their high dimensionality [12–19]. In [12],
a compact representation feature, the monogenic signal, is
employed for SARATR,where the high dimensional problem
is circumvented by uniform downsampling, normalization,
and concatenation of the monogenic components. Feature
dimensionality reduction methods for SAR ATR based on
manifold learning theory are also studied in recent years
[13–17]. In [16], each sample is given a weight, which is
called the sample discriminant coefficient (SDC), relating
to its similarity to neighbouring samples, and then the
SDC is combined with the Local Discriminant Embedding
(LDE) method for producing redundancy-reduced features.
Similarly, in [17], the so-called neighbourhood geometric
centre scaling embedding (NGCSE) method is proposed,
where geometric centre scaling is introduced into the neigh-
bourhoods such that the samples are provided with clear
clustering directions. However, the performance of most
of the nonlinear dimensionality reduction methods relies
heavily on the parameter selection of the neighbourhood,
which is still an open problem.

The nearest neighbour classifier is one of the most used
classifiers, where the extracted features are directly fed into
the classifier to achieve the classification results [16]. Sparse
representation based classification (SRC) is recently devel-
oped and exploited in SAR ATR, where the feature vectors of
the testing samples are coded as sparse linear combinations

of the feature vectors of the training samples, and the target
with the minimum residual energy is recognized [12, 20].
Methods such as Support Vector Machines (SVM), Neural
Networks (NN), and adaptive boosting (AdaBoost) are all
vastly exploited in SAR ATR [2, 5, 21–23]. Various choices of
base learners can be combined with the AdaBoost algorithm
to solve the SAR ATR problem [2]. As explained in the
Hughes phenomenon (also known as the curse of dimension-
ality), the difficulty of constructing classifier models becomes
more prominent especially when the feature set is high in
dimensionality while the number of the training data is
limited (a fact in SARATR). However, the combination of the
AdaBoost and graphical models is empirically proven in [24]
to demonstrate good performance even when the training
data is limited in number.

The SAR images are known for their indistinct appear-
ances, variations in target appearances, and small number of
available training samples. These problems must be properly
addressed to achieve good recognition results for ATR tasks.
To this end, a SAR ATR scheme is introduced as illustrated
in Figure 1. Firstly, an initial processing stage is applied to
facilitate the efficiency of feature extraction in the subsequent
stages. More specifically, aiming at reducing the impact of
variations in SAR images caused by variational echo energy
and target poses, an image energy normalization process
and a pose rectification process are applied sequentially. The
construction of effective feature sets forATR tasks is of crucial
importance for achieving reliable recognition results. There-
fore, it is suggested to extract a rich feature set that is formed
by combining various types of discrimination features and
then construct a more compact feature set by eliminating the
redundancy of the rich feature set.Wehave decided to employ
wavelet-based features. A rich feature set is firstly formed
by combining the decomposed wavelet subband features,
for example, the low-frequency information in LL subband
coefficients and the high-frequency information in both LH
and HL subband coefficients, where the HH subband is not
involved since it is not stable feature in SAR images [25]. The
involved coefficients actually depict the combination of tex-
ture features and horizontal and vertical edge features. After
this, a compact low dimensional feature set which comprises
features which retain most of the variance is constructed
by employing the Principle Component Analysis (PCA)
technique [26].The relationship among features is statistically
learned in a discriminative fashion rather than a generative
fashion. Specifically, instead of using the true distribution,
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which is usually unknown for most of the time, the empirical
estimates are learned in a discriminative fashion bymaximiz-
ing the 𝐽-divergence.Therefore, although the learned models
may have low consistency with the realmodel of target classes
due to limited amount of training data, high discrimina-
tion ability can still be achieved. Then, a final classifier is
constructed by combining several discriminative tree based
classifiers with the Real-AdaBoost framework [27]. To eval-
uate the performance of the proposed method, the moving
and stationary target acquisition and recognition (MSTAR)
public release data set is involved. Experimental results
demonstrate that the proposed method outperforms several
widely cited methods under both standard operating condi-
tions (SOCs) and extended operating conditions (EOCs).

Variation reduction techniques that facilitate the effi-
ciency of feature extraction are introduced in Section 2. The
feature extraction and processing techniques are introduced
in Section 3. The recognition scheme is detailed in Section 4.
Experimental results using the MSTAR public database are
shown in Section 5, followed by our conclusions in Section 6.

2. Variation Reduction Techniques

2.1. Image Energy Normalization. Theecho strength of SAR is
strongly affected by, for example, the range distance between
the imaging target and its corresponding radar and several
other reasons; therefore the average amplitude of image
pixels in different image chips may be different even for
the same target [28]. To mitigate the potential influence of
amplitude variations in subsequent features extraction, the
image energy normalization process needs to be applied. Let𝑀 and 𝑁 denote the number of pixels in range and cross-
range dimension for a given SAR image chip.The SAR image
chip can be denoted as 𝑋(𝑚, 𝑛), where 𝑚 = 1, . . . ,𝑀 and𝑛 = 1, . . . , 𝑁 are the dimension of range and cross-range,
respectively.The energy normalized image pixel𝑋(𝑚, 𝑛) can
be described as

𝑋 (𝑚, 𝑛) = 𝑋 (𝑚, 𝑛) − 𝑋
min (𝑚, 𝑛)𝑋

max (𝑚, 𝑛) − 𝑋
min (𝑚, 𝑛) , (1)

where 𝑋
min(𝑚, 𝑛) and 𝑋

max(𝑚, 𝑛) is the minimum and
maximum value among all pixels of 𝑋(𝑚, 𝑛), respectively,
and𝑋(𝑚, 𝑛) is calculated as

𝑋 (𝑚, 𝑛) = 𝑋 (𝑚, 𝑛)
√∑𝑀

𝑚=1∑𝑁
𝑛=1𝑋2 (𝑚, 𝑛) . (2)

The benefit of employing the image energy normalization
process is provided in Section 5.1.

2.2. Pose Rectification. Pose rectification is beneficial for
improving the accuracy of SAR ATR and can be achieved
by rotating the given images according to the pose of target
of interests. However, targets with partial defected contour
shapes that are caused by the shadow effect may suffer from
poor pose estimation accuracies. This section introduces a
pose estimation method that is based on the exploration of
targets’ geometrical information for achieving higher estima-
tion accuracy.

Severalmethods have been proposed for achieving higher
accuracy in pose estimation. The methods proposed in
[29, 30] are based on maximizing the mutual information
with multilayer perceptron (MLP). Although a low estima-
tion error is achieved, these methods are computationally
expensive and require a long training time. The method
proposed in [31] is based on the 2D continuous wavelet
transform (CWT), where the orientation that maximizes the
angular energy is considered as the estimated pose. However,
this method is based on the assumption that the target
of interest is already placed in the image centre, which is
difficult to achieve especially for SAR images with indistinct
targets.

In fact, the tactical ground targets show rectangular
shaped boundaries, which can be used for pose estimation.
Therefore, methods based on the analysis of the geometrical
information of target of interests have been proposed. The
methods proposed in [2, 32] are based on finding the encap-
sulating box of the target of interest, where the basic assump-
tion is that the edges of the estimated box should be tangent to
the rectangular shaped target boundaries.However, this is not
always true with incomplete target shape boundaries due to
the shadow effects in SAR images.Moreover, the least squares
linear fit based methods estimate the centreline of the target
of interest, where the slope of the centreline is considered
as the target pose. However, for similar reasons, the shadow
effect in SARmay produce images with defected target, which
can affect the corresponding pose estimation results. As
discussed, the encapsulating box based methods have failed
to achieve the optimum estimation result due to the defect
targets in SAR images. However, as will be introduced, the
Radon transformbasedmethod can achieve better estimation
result in such scenarios [33]. Therefore, better estimation
accuracy can be achieved by employing these two methods
in a well-designed fashion. Firstly, the target of interest
is segmented from the SAR image, and the rectangle that
has the minimum perimeter around the segmented target
is considered as the minimum bounding rectangle (MBR)
[34]. Then, the completeness of the target of interest can be
evaluated. In the case of a target with complete contour shape
in the SAR image, the MBR estimated result is considered as
the final result. Otherwise, the Radon transform is conducted
and its estimation is used as the final result.

2.2.1. Estimation for Targets with Complete Contour Shapes.
Tactical targets in SAR images have randomly distributed
poses ranging from 0∘ to 360∘ (the target pose is defined as
the angle between the target’s longer edge and the horizontal
image axis). Tactical targets in SAR images show rectangular-
like shapes. Figure 2 shows the segmented SAR chips, where
the target poses can be estimated according to the inclination
angle of itsMBR. As introduced in [34], the rectangle that has
the shortest perimeter enclosing a convex polygon has at least
one side collinear with one of the convex edges.TheMBR can
be efficiently calculated as follows:

Step 1. Estimate the centroid of the target of interest.
Step 2. Compute the convex polygon of the target of
interest.
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(a) (b) (c) (d) (e) (f)

Figure 2: Illustration of targets with complete contour shapes.

(a) (b) (c) (d) (e) (f)

Figure 3: Illustration of targets with defected contour shapes.

Step 3. Compute and store the edge orientations of the
convex polygon.
Step 4. Rotate a bounding rectangle according to the
stored edge orientations until a full rotation is done.
Step 4.1. Find a fitted rectangle.
Step 4.2. Store the perimeter of the fitted rectangle.
Step 4.3. Rotate the rectangle.
Step 5. Return the rectangle corresponding to the
minimum perimeter.

2.2.2. Estimation for Targets with Incomplete Contour Shapes.
Due to the imaging principle of SAR, partial part of the target
of interest is not radiated by radar beam, and therefore the
imaged target shows incomplete boundary shape. However,
the long edge of the target of interest is always well imaged, as
shown in Figure 3. In fact, the Radon transform (RT) can be
used for long edge detection. Therefore, for SAR images with
targets that show incomplete contour shapes, the RT based
estimation can achieve higher accuracy. The application of
the RT on a target image I(𝑥, 𝑦) limited by a set of angles
can be considered as calculating the projection of the target
along given angles. The calculated projection result is the
sum of pixel numbers in each single direction, where a line
can be found in the corresponding target image according to
the peak of the projection result [33]. Define G(𝜌, 𝜃) as the
projection at angle 𝜃with distant 𝜌 to the image centroid, and
the RT is implemented as follows:

G (𝜌, 𝜃)
= ∫∞

−∞
∫∞

−∞
I (𝑥, 𝑦) 𝛿 (𝜌 − 𝑥 cos (𝜃) − 𝑦 sin 𝜃) 𝑑𝑥 𝑑𝑦, (3)

where 𝛿(⋅) is the Dirac delta function. The parameters 𝜌 and𝜃 determine the projection direction, where the projection is
repeated from 𝜃 ∈ [0∘ : 180∘). Note that a pixel in the RT
transform is divided into four subpixels such that accurate
projection result can be achieved, where the projection
contribution is calculated according to the position of the
subpixel that hits the projection bin.

2.2.3. Degree of Overlapping Rectangle. In fact, for any given
image, the completeness of the target in SAR images can be
automatically calculated. As introduced in Section 2.2.1, the
calculated MBR has at least one edge overlap with the target
boundary. Therefore, in the case of a complete target, one
long edge of the target of interest will overlap with that of its
correspondingMBR. In the case of a targetwith partial defect,
the diagonal line of the target of interest may overlap with a
long edge of its corresponding MBR with few pixels. Let 𝑁𝑙

denote number of pixels of the two MBR long edges, and let𝑁𝑡 denote the number of target pixels that overlap with the
two MBR long edges. The completeness of the target in SAR
images can be evaluated as follows: the target is firstly dilated,
and then the degree of overlapping rectangle is calculated as𝑁𝑡/𝑁𝑙, and finally the completeness of the target boundary is
evaluated according to the calculated degree of overlapping
rectangle. After dilation, since the difference between the
complete contour shape and defected contour shape is large,
the proposedmethod is not sensitive to the selected threshold
employed for evaluating the degree of overlapping. Overall,
as shown in Figure 4, the target pose is estimated using the
MBR based method or the RT based method depending on
the evaluation result of the degree of overlapping rectangle,
and several estimation results are shown in Figure 5.

3. Feature Extraction and
Processing Techniques

3.1. Rich Feature Set Extraction. Feature extraction is of
crucial importance to the overall performance of the entire
ATR system. It is ideally preferable to extract features that
have characteristics of high discrimination ability (or, in other
words, high interclass variation) and high tolerance to target
translation. These feature characteristics can be achieved by
efficiently employing the wavelet decomposition technique.
As depicted in Figure 6, the texture features are reflected in
LL and the horizontal and vertical edge feature are reflected
in LH and HL, respectively. HH is actually a combination of
features reflected in LH andHL. Furthermore, the translation
invariant features can be extracted by sequentially further
decomposing the previously decomposed image to a much



Computational Intelligence and Neuroscience 5

SAR image

Target segmentation

Find MBR

Degree of
overlapping rectangle
meets standard

NoYes

MBR based pose
estimation

Radon transform
based pose estimation

Estimation result

Figure 4: Illustration of the proposed pose estimation method.

coarser resolution. The idea behind the translation invariant
features is that each decomposition process throws away the
exact positional information of certain feature that exists in
a specific area. More specifically, as illustrated in Figure 7, a
pixel point in a newly decomposed image implicitly reflects
the presence of certain feature(s) in a corresponding entire
local region in the original image.

Several wavelet families have been proposed with the
shape andduration of themotherwavelets being themain dif-
ferences among them. The number of vanishing moments
(order number) is used as an indication of the wavelets’
smoothness and the frequency response flatness of the
wavelet filters. It is suggested that we employ one fixed
mother wavelet for the entire recognition scheme. Awavelets’
comparison test is conducted in [5], where 7 mother wavelets
with variations in order numbers are compared, according
to minimum distance. To determine the most appropriate
mother wavelet, in this paper, we compare 7 mother wavelets
with more variations in order numbers with the maximum
margin criterion (MMC) [35]. Specifically, we compare dis-
creteMeyerwavelet, Biorthogonal wavelets (orders 1.1, 1.3, 1.5,
2.2, 2.4, 2.6, 2.8, 3.1, 3.3, 3.5, 3.7, 3.9, 4.4, 5.5, and 6.8), Coiflets
(orders 1, 2, 3, 4, and 5), Haar wavelet, Daubechies wavelets
(orders 2, 3, 4, 7, 10, 25, and 45), Reverse biorthogonalwavelets
(orders 1.1, 1.3, 1.5, 2.2, 2.4, 2.6, 2.8, 3.1, 3.5, 3.7, 3.9, 4.4, 5.5, and
6.8), and Symlets (orders 2, 4, 8, and 16).

MMC finds the mother wavelet that maximizes the aver-
age margin between classes. This is achieved by comparing
the difference between the average within-class distance and
the average between-class distance 𝑑𝑤 − 𝑑𝑏. The mother
wavelet that achieves the maximum difference is the best
selection. Suppose we have 𝑐 classes 𝐶1, 𝐶2, . . . , 𝐶𝑐, each class
with 𝑛𝑖 samples and therefore, 𝑛 = ∑𝑐

𝑖=1 𝑛𝑖 samples in total.
Let 𝑥𝑖𝑗 denote the 𝑗th sample in the 𝑖th class, let 𝑚𝑖 be the
centroid of the 𝑖th class, and let 𝑚 be the centroid of the

training set. The average within-class distance 𝑑𝑤 and the
average between-class distance 𝑑𝑏 can be denoted as

𝑑𝑤 = 1𝑛
𝑐∑
𝑖=1

𝑛𝑖∑
𝑗=1

𝑥𝑖𝑗 − 𝑚𝑖

2𝐹
𝑑𝑏 = 1𝑛

𝑐∑
𝑖=1

𝑛𝑖 𝑚𝑖 − 𝑚2𝐹 .
(4)

The comparison of the discrimination performance of
the mentioned wavelets is illustrated in Figure 8. It is noted
that the Reverse biorthogonal wavelet 3.1 achieves the highest
value, an observation which indicates that it has the highest
discrimination ability among these wavelets. Therefore, the
Reverse biorthogonal wavelet 3.1 is selected as the default
mother wavelet for feature extraction in SAR images.

The above process yields large sets of features which
exhibit a high variability as far as the quality of the discrimi-
native information that they convey is concerned. To achieve
the truly effective features, the PCA is used, which achieves
comparable result to both 2D-PCA and two-stage 2D-PCA
when they are employed for SAR feature compression pur-
poses, as analysed in [26]. Moreover, the PCA is much more
efficient as far as both computation time and storage space are
concerned. The implementation of the PCA is introduced as
follows:

Given. Data 𝑋 = [𝑥1, . . . , 𝑥𝐿]. Number of principal
components 𝑘.
Step 1. Subtract the mean of variables from𝑋.
Step 2. Solve the Singular Value Decomposition
(SVD) of𝑋 = USV𝑇.

Step 3. The dimensionality reduced feature set is
calculated with the first 𝑘 column of 𝑉 as𝑋𝑉𝑘.

3.2. Learn Statistical Relationship among Features. Since
access to data arising from true distributions is often not
available, the learned models based separately on posi-
tive/negative samples are usually not accurate enough for
classification. In fact, the discriminative methods construct
models from both the positively and negatively labelled
samples in a discriminative fashion. Since the final objective
is classification, even if the learned distributionsmay not con-
verge to the true distributions, the constructed discriminative
models tend to have better discrimination performance than
the generative models [36, 37].

In binary classification case, which can be naturally
extended to the more general 𝑀-ary classification case, for
a given labelled training setS fl {(𝑥(1), 𝑦(1)), . . . , (𝑥(𝐿), 𝑦(𝐿))},
where 𝑦(𝑙) represents the sample label, each pair (𝑥(𝑙), 𝑦(𝑙)) ∈
X𝑛 × {+1, −1} (X is normally a finite set of integer values as
X = {0, . . . , 255}). Supposing we have two models 𝑝(𝑥) fl𝑃𝑋|𝑌(𝑥 | 𝑦 = 1) and 𝑞(𝑥) := 𝑃𝑋|𝑌(𝑥 | 𝑦 = −1) that can
describe the true distribution of 𝑝 and 𝑞, the log-likelihood
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Figure 5: Illustration of the proposed pose estimation method, where the red rectangle is the MBR and the green line is the estimation result
of the Radon transform. Note that the Radon transform is not used when the degree of overlapping rectangle meets the specified standard.
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Figure 8: Discrimination ability of various types ofmother wavelets.The involved 47mother wavelets are sequentially discreteMeyer wavelet,
Biorthogonal wavelets (orders 1.1, 1.3, 1.5, 2.2, 2.4, 2.6, 2.8, 3.1, 3.3, 3.5, 3.7, 3.9, 4.4, 5.5, and 6.8), Coiflets (orders 1, 2, 3, 4, and 5), Haar wavelet,
Daubechies wavelets (orders 2, 3, 4, 7, 10, 25, and 45), Reverse biorthogonal wavelets (orders 1.1, 1.3, 1.5, 2.2, 2.4, 2.6, 2.8, 3.1, 3.5, 3.7, 3.9, 4.4,
5.5, and 6.8), and Symlets (orders 2, 4, 8, and 16). The 37th mother wavelet is the Reverse biorthogonal wavelet 3.1.

ratio test is known to be the optimal test (under both the
Neyman-Pearson and Bayesian settings [38])

log
𝑝 (𝑥)𝑞 (𝑥)

𝑦=+1≷
𝑦=−1

𝜂, (5)

where 𝜂 is the threshold [38].
In most cases, it is impossible to have access to the true

conditional distributions 𝑝 and 𝑞. Approximations 𝑝 and 𝑞
are normally built to learn the unknown distribution from
the labelled training setS. Therefore, the log-likelihood ratio
test can be rewritten as

log
𝑝 (𝑥)𝑞 (𝑥)

𝑦=+1≷
𝑦=−1

𝜂. (6)

The recently proposedmethod named discriminative tree
estimates the multivariate distributions 𝑝 and 𝑞 jointly from
both the positively and negatively labelled samples in the
training set 𝑆 of Tan et al. [37]. This method is based on the
assumption that the learned distribution 𝑝(𝑥) is Markov with
respect to an undirected graph G = (V,E), where V ={1, . . . , 𝑛} represents the vertex set and E ⊂ (V2 ) represents
the set of all unordered pairs of vertexes. The mentioned
Markov conforms to the local Markov property

𝑝 (𝑥𝑖, 𝑥V\𝑖) = 𝑝 (𝑥𝑖, 𝑥N(𝑖)) , ∀𝑖 ∈ V, (7)

where N(𝑖) fl {𝑗 ∈ V : (𝑖, 𝑗) ∈ E} represents the set of
neighbour nodes of 𝑖 and 𝑥A = {𝑥𝑖 : 𝑖 ∈ A} for any set A ⊂
V.

A tree structured distribution 𝑝 that is Markov with
respect to an undirected graphG = (V,E) can be factorized
as follows [39]:

𝑝 (𝑥) = ∏
𝑖∈V

𝑝𝑖 (𝑥𝑖) ∏
(𝑖,𝑗)∈E

𝑝𝑖,𝑗 (𝑥𝑖, 𝑥𝑗)
𝑝𝑖 (𝑥𝑖) 𝑝𝑗 (𝑥𝑗) , (8)

where 𝑝𝑖(𝑥𝑖) represents the marginal of the random variable𝑥𝑖 and 𝑝𝑖,𝑗(𝑥𝑖, 𝑥𝑗) represents the pairwise marginal of the pair(𝑥𝑖, 𝑥𝑗).

Based on this, for a given distribution 𝑝, the projection
of 𝑝 onto some tree distribution G = (V,E) is defined as
follows:

𝑝 (𝑥) fl ∏
𝑖∈V

𝑝𝑖 (𝑥𝑖) ∏
(𝑖,𝑗)∈E

𝑝𝑖,𝑗 (𝑥𝑖, 𝑥𝑗)
𝑝𝑖 (𝑥𝑖) 𝑝𝑗 (𝑥𝑗) . (9)

We digress here to introduce themethod for constructing
models in generative fashion and then provide the method
for constructing models in discriminative fashion. The gen-
erative methods attempt to construct a model that is the
same as the underling model of the classification target. The
widely researched generative method, namely, the Chow-Liu
algorithm [40], employs the KL-divergence as the measure of
the differences between two probability distributions 𝑝 and𝑝. The optimization in the Chow-Liu algorithm is therefore
defined as

min
𝑝∈T

𝐷(𝑝 ‖ 𝑝) fl min
𝑝∈T

𝐸𝑝 log(𝑝𝑝) , (10)

where 𝑝 ∈ T states that 𝑝 is a tree structured distribution
over the same alphabet asT. It is shown byChow and Liu that
this optimization problem can be solved by using amaximum
weight spanning tree (MWST) algorithm (e.g., Kruskal’s [41])
where the mutual information is used to represent the edge
weights between pairs of variables.

In contrast, the recently proposed discriminative method
employs the 𝐽-divergence as the measure of the separation
between two probability distributions 𝑝 and 𝑞. The 𝐽-
divergence is defined as follows [42]:

𝐽 (𝑝, 𝑞) fl 𝐷(𝑝 ‖ 𝑞) + 𝐷 (𝑞 ‖ 𝑝) . (11)

The optimization problem reduces to two tractable
MWST problems for maximizing the tree approximate 𝐽-
divergence over the two tree structured-distributions 𝑝 and𝑞 for known empirical distributions 𝑝 and 𝑞, which is defined
as

(𝑝, 𝑞) = argmax
𝑝∈T𝑝 ,𝑞∈T𝑞

𝐽 (𝑝, 𝑞; 𝑝, 𝑞) , (12)
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where

𝐽 (𝑝, 𝑞; 𝑝, 𝑞) fl ∑
𝑥∈X𝑛

(𝑝 (𝑥) − 𝑞 (𝑥)) log [𝑝 (𝑥)𝑞 (𝑥) ] . (13)

It is noted that, as described in [37], (13) can be decoupled
into two independent optimization problems:

𝑝 = argmin
𝑝∈T𝑝

𝐷(𝑝 ‖ 𝑝) − 𝐷 (𝑞 ‖ 𝑝)
𝑞 = argmin

𝑞∈T𝑞

𝐷(𝑞 ‖ 𝑞) − 𝐷 (𝑝 ‖ 𝑞) . (14)

These can be solved by the MWST algorithm

𝜓(+)
𝑖,𝑗 fl 𝐸𝑝𝑖,𝑗 [log 𝑝𝑖,𝑗𝑝𝑖𝑝𝑗 ] − 𝐸𝑞𝑖,𝑗 [log

𝑝𝑖,𝑗𝑝𝑖𝑝𝑗] . (15)

Overall, the procedure of the learning of the discrimina-
tive tree is summarized in the following steps [37]:

Given. Training set S.
Step 1. Estimate the pairwise statistics 𝑝𝑖,𝑗(𝑥𝑖, 𝑥𝑗) and𝑞𝑖,𝑗(𝑥𝑖, 𝑥𝑗) for all edges (𝑖, 𝑗).
Step 2. Calculate edge weights {𝜓(+)

𝑖,𝑗 } and {𝜓(−)
𝑖,𝑗 } for all

edges (𝑖, 𝑗).
Step 3. Find the optimal tree structures with the given
edge weights.
Step 4. Set 𝑝 and 𝑞 to be the projection of 𝑝 onto E𝑝

and 𝑞 onto E𝑝, respectively.
Step 5. Classify the test sample 𝑥 using the learned
distributions 𝑝 and 𝑞 in a likelihood ratio test ℎ(𝑥) =
sgn[log(𝑝(𝑥)/𝑞(𝑥))].

Since the classification result is finally determined by the
numerical result of the log-likelihood ratio test, we choose
to employ one fixed threshold 0 for the entire training
process. This is because likelihoods larger than 0 indicate
higher probability of belonging to 𝑝(𝑥). Similarly, likelihoods
smaller than 0 indicate high probability of belonging to 𝑞(𝑥).
4. Recognition Scheme

The main aim of classifier construction in ATR is to con-
vert a wealth of training data into useful knowledge for
classification by learning. However, a classifier learned from
massive amounts of high varying data is not guaranteed to
achieve good performance in classification and may yield
large feature dimensions. Therefore, it is of great importance
to find effective representations for the targets of interest to
be used for constructing the classifiers.

Extracted features might comprise large sets of features
which at a glancemight be worth of exploiting but turn out to
be too “messy” and high in redundancy. In fact, the learning
process of the classifiers could be enormously benefited
from a feature dimensionality reduction process after the
acquisition of the extracted features as previously discussed.

The redundancy-reduced features can be used for learning
classifiers, where efficient classifiers and better classification
accuracy results can be achieved. Therefore, it is suggested
to enlarge the quantity of the potential features but then
eliminate the existing redundancy, reduce the dimensionality
of the enlarged feature set, and finally exploit the preserved
features for classification, which comprise the characteristics
of proper combination of both quality and quantity. In the
proposed recognition scheme, features are extracted with
wavelet decomposition, but then the dimension of the feature
set is reduced to provide a feature set rich in discrimina-
tive information but with limited dimensionality and less
redundancy. To make the most of the extracted features, tree
structured classifiers are learned in discriminative fashion
based on the statistical information provided by the training
data of the target classes. In the learned classifiers, the feature
nodes are connected as a spanning tree, where each node
is connected to another node which has the maximum
relevance.Moreover, the relevance between feature nodes can
be accordingly calculated. Finally, classifiers are combined
using the Real-AdaBoost algorithm to construct the final
classifier that has high classification accuracy and is less prone
to overfitting, where the recently proposed discriminative
trees are involved as the base classifiers. A generic sequence
of steps of the proposed scheme is illustrated in Figure 9.

4.1. Construct a Strong Classifier. Efforts have been constantly
made to construct a classifier with high classification accu-
racy and strong generalization ability (the later meaning that
performance of the classifier learned from a given training
dataset will still be good when the classifier is exposed to
unseen data) [43]. Employing ensemble learning methods is
one of the solutions. Ensemble learning methods construct
and combine a set of base classifiers instead of constructing
and using one single classifier learned from the training
dataset. Base classifiers can be generated from a training
dataset with the use of any learning algorithm (e.g., decision
tree, graphical models, and neural networks).

AdaBoost is one of the ensemble methods that have
achieved great success in diverse domains [27, 43–47]. The
general idea of the AdaBoost is to constantly update the
distribution of the training data such that the learning of the
base classifiers in each iteration focuses more on the wrongly
labelled samples by the previous learned base classifiers.
Real-Adaboost is a variant of the AdaBoost which has been
empirically proved to have better performance than ordinary
AdaBoost (Discrete-AdaBoost) [27, 37, 44]. Specifically, for
a given training dataset S, each sample is assigned with an
initial weight 𝜔(𝑙)0 = 1/𝐿, where 𝐿 is the number of training
samples. A base classifier is learned in each iteration 𝑡 such
that ℎ𝑡 : X𝑛 → R, where a larger absolute value in ℎ𝑡(𝑥) indi-
cates higher confidence. Then, the samples wrongly labelled
by ℎ𝑡(𝑥) are increased in weights such that the constructed
classifiers in the following iterations can focus on themisclas-
sified samples. Finally, the combined classifier resulting after𝑇 iterations is

𝐻𝑇 (𝑥) = sgn[ 𝑇∑
𝑡=1

𝛼𝑡ℎ𝑡 (𝑥)] , (16)
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Figure 9: A generic diagram that depicts the various steps of the proposed SAR ATR scheme.

where sgn is the sign function that sgn(𝑎) = 1 if 𝑎 ≥ 0 and −1
otherwise and 𝛼𝑡 is the coefficient calculated in each iteration
forminimizing the weighted training error. Overall, the Real-
AdaBoost algorithm trains a set of base classifiers sequentially
and combines them to a strong classifier, where the current
learned base classifiers focus more on the wrongly labelled
samples by the previous base classifiers.

The ensemble process of the Real-AdaBoost is iterated
with the rearrangement of the training set distribution while
the learningmethod of the base classifiers is not changed. For
the learning of the base classifier in each iteration 𝑡, the group
of redundancy and dimensionality reduced wavelet features
are employed and fed to learn the discriminative trees for
classifier construction. By employing the learning method
introduced in Section 3.2, a pair of discriminative trees is
constructed to provide an estimation of the classification
result. Specifically, the pair of discriminative trees constitutes
a base classifier for the Real-AdaBoost ℎ𝑡 : X𝑛 → R, whereℎ𝑡(𝑥) = log[𝑝𝑡(𝑥)/𝑞𝑡(𝑥)], and 𝑝𝑡 and 𝑞𝑡 denotes the learned
discriminative tree models at the 𝑡th iteration of the Real-
AdaBoost. After 𝑇 iterations, 𝑇 pairs of discriminative trees
are learned and combined to construct a stronger classifier
with better approximation of the classification result which
can be written as Viola and Jones [45]

𝐻𝑇 (𝑥) = sgn[ 𝑇∑
𝑡=1

𝛼𝑡 log(𝑝𝑡 (𝑥)𝑞𝑡 (𝑥) )]

= sgn[log(∏𝑇
𝑡=1𝑝𝑡 (𝑥)𝛼𝑡∏𝑇
𝑡=1𝑞𝑡 (𝑥)𝛼𝑡 )]

= sgn [(𝑝∗ (𝑥)𝑞∗ (𝑥) )] ,
(17)

where 𝑞∗(𝑥) = ∏𝑇
𝑡=1𝑝𝑡(𝑥)𝛼𝑡 and 𝑞∗(𝑥) = ∏𝑇

𝑡=1𝑞𝑡(𝑥)𝛼𝑡 .
For the iterative updating of the training set distribu-

tion, the misclassified samples are reassigned with larger
weights and the correctly classified samples are reassigned
with smaller weights compared to their previous weights.
Regarding the weight distribution updating problem, simply
reduplicating the samples with higher weights is time and
computation inefficient.This is because as the number of iter-
ations increases, the wrongly labelled samples would bemuch
less in number but have much larger weights. Therefore, the
final training set is fixed in size and constructed in random
sampling fashion, where samples of the original training set
are chosen according to the updated distributionweights.The
entire classifier construction scheme is summarized as below:

Given. Training dataset 𝑆. Number of iterations 𝑇.
Step 1. Wavelet feature extraction from the given
training dataset 𝑆.
Step 2. Redundancy and dimensionality reduction for
the extracted features.
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Step 3. Initialization of the distribution weights,𝑤(𝑙)
0 =1/𝐿 for all 1 ≤ 𝑙 ≤ 𝐿.

Step 4. Classifier construction
(1) for 𝑡 = 1 : 𝑇 do
(2) Learn the pair of discriminative trees 𝑝𝑡, 𝑞𝑡 from
the weighted empirical distributions 𝑝𝑤 and 𝑞𝑤.
(3) Get the base classifier ℎ𝑡(𝑥) := log [𝑝𝑡(𝑥)/𝑞𝑡(𝑥)].
(4) Calculate the coefficient 𝛼𝑡
𝛼𝑡 = 12 log

1 − ∑𝐿
𝑖=1 𝑤(𝑙)

𝑡 𝑦(𝑙)sgn (ℎ𝑡 (𝑥(𝑙)))
∑𝐿
𝑖=1 𝑤(𝑙)

𝑡 𝑦(𝑙)sgn (ℎ𝑡 (𝑥(𝑙))) . (18)

(5) Update the weighted empirical distribution:

𝑤(𝑙)
𝑡+1 (𝑖) = 𝑤(𝑙)

𝑡 exp [−𝛼𝑡𝑦(𝑙)ℎ𝑡 (𝑥(𝑙))]𝜁𝑡 , ∀𝑙 = 1, . . . , 𝐿, (19)

where 𝜁𝑡 is the normalization factor (to ensure that𝑤(𝑙)
𝑡+1 will be a distribution).

(6) end for
Step 5. Output the final classifier ℎ𝑡(𝑥) = log [𝑝𝑡(𝑥)/𝑞𝑡(𝑥)] with coefficients {𝛼𝑡}𝑇𝑡=1.

4.2. Multiclass Classification. The One-vs.-One (OvO) and
One-vs.-All (OvA) are the two most popular strategies for
the extension of a two-class classification (binary classifi-
cation) problem to a multiclass classification (multinomial
classification) [48]. For a 𝐾 class problem, the OvO strategy
trains 𝐾(𝐾 − 1)/2 binary classifiers, each of which classifies
a pair of classes selected from the original training set. For
the classification of the unseen samples, the samples are fed
and tested in all𝐾(𝐾 − 1)/2 classifiers by employing a voting
scheme where the class which achieves the highest number
of positive predictions would be considered as the final
prediction. The OvA strategy trains one classifier for every
class where the samples of the target class are considered as
positive samples and all of the rest of the samples as negative
samples. At predication stage, the unseen sample is assigned
with the label of class 𝑘 if its corresponding classifier produces
the highest likelihood score.

5. Experimental Results

In this section, the performance of the proposed scheme is
evaluated and compared with several established methods.
The widely used SAR ATR experimental validation and com-
parison benchmark moving and stationary target acquisi-
tion and recognition (MSTAR) public release database is
employed for performance evaluation [49–51]. The MSTAR
database consists of 10 vehicle classes, which are collected
by X-band SAR with 1-ft by 1-ft resolution, including BMP2,
BTR70, T72, BTR60, 2S1, BRDM2, D7, T62, ZILI131, ZSU234,
and SLICY. The collection of target images is captured
under various depression angles and aspect angles, which are

Table 1: 10 classes of targets of the MSTAR dataset under SOCs.

Training set
Vehicle Number of images Serial number Depression angle
BMP2 699 9563, 9566, C21 17∘

BTR70 233 C71 17∘

T72 699 132, 812, S7 17∘

BTR60 256 k10yt7532 17∘

2S1 299 B01 17∘

BRDM2 299 E71 17∘

D7 299 92v13015 17∘

T62 299 A51 17∘

ZILI131 299 E12 17∘

ZSU234 299 D08 17∘

Testing set
Vehicle Number of images Serial number Depression angle
BMP2 587 9563, 9566, C21 15∘

BTR70 196 C71 15∘

T72 588 132, 812, S7 15∘

BTR60 196 k10yt7532 15∘

2S1 274 B01 15∘

BRDM2 274 E71 15∘

D7 274 92v13015 15∘

T62 274 A51 15∘

ZILI131 274 E12 15∘

ZSU234 274 D08 15∘

Table 2: 4 classes of targets of the MSTAR dataset under EOC-1.

Training set
Vehicle Number of images Serial number Depression angle
2S1 274 B01 15∘

BRDM2 274 E71 15∘

ZSU234 274 D08 15∘

T72 274 A64 15∘

Testing set
Vehicle Number of images Serial number Depression angle
2S1 288 B01 30∘

BRDM2 288 E71 30∘

ZSU234 288 D08 30∘

T72 288 A64 30∘

suitable for testing the SAR ATRmethods with targets under
various operating conditions.

There are two categories of operating conditions in the
MSTAR database: the standard operating conditions (SOCs)
and the extended operating conditions (EOCs) [50]. The
targets captured under SOCs are listed in Table 1 including
information about vehicle types, number of chip images,
serial numbers, and depression angles. It is worth noting that
the EOCs are much more difficult for SAR ATR than the
SOCs. In EOC-1, the depression angles are larger in variation
where the training images are captured under 15∘ and the
testing images are captured under 30∘, as shown in Table 2.
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Table 3: 5 variants of T72 with different serial numbers of the
MSTAR dataset under EOC-2.

Training set
Vehicle Number of images Serial number Depression angle
BMP2 233 C21 17∘

BRDM2 298 E71 17∘

BTR70 233 C71 17∘

T72 233 132 17∘

Testing set
Vehicle Number of images Serial number Depression angles
T72 419 S7 15∘ and 17∘

T72 572 A32 15∘ and 17∘

T72 573 A62 15∘ and 17∘

T72 573 A63 15∘ and 17∘

T72 573 A64 15∘ and 17∘

In EOC-2, the training and testing set have various versions
of T72 with different serial numbers, as shown in Table 3.

We experiment with both two-level and three-level two-
dimensional wavelet decomposition with respect to the
Reverse biorthogonal wavelet (the selected mother wavelet
as introduced in Section 3.1). In the following, wavelet 768
(256 × 3 = 768) and wavelet 192 (64 × 3 = 192) are used to
denote the two-level and three-level wavelet decomposition,
respectively. The stopping criterion of the Real-AdaBoost is
set to 400 iterations.The segmentation of the target of interest
is implemented with the MRF model based method, where
the potential class number is 2, the expectation is 0.4, and
themaximum iteration number is 50.The segmented target is
dilated with a disk-shaped template with radius 3.The degree
of overlapping rectangle is 0.5 indicating that an appropriate
MBR must have more than 50% long edge overlapping pixels
in terms of the target of interest. Moreover, the proposed
method is implemented using Matlab R2013a and tested on a
computer with 1.8 GHz CPU and 4GB RAM. Regarding the
computation complexity, for a classifier trained for classifying
10 targets in OvO fashion, the processing time for one single
sample takes less than 0.02 s, including the processes of
extraction and compressing of features and recognition of
targets.

Before applying the proposed method to SAR ATR and
comparing with other methods, it is necessary to test the
proposed method in conjunction with several important
processes, including image energy normalization, feature
extraction, extension of two-class to multiclass classification,
and pose rectification. These four tests are conducted in
Sections 5.1 to 5.4, and the comparisons of recognition
accuracy performance with other methods are provided in
Section 5.5.

5.1. Image Energy Normalization. The significance of image
energy normalization in SAR ATR is tested in this section,
where the performance of the proposed scheme is tested
with or without image energy normalization processing. The
dataset includes all 10 classes captured under SOCs as listed
in Table 1. The wavelet 192 is used for feature extraction.
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Figure 10: Performance comparison among the two cases which
refer to the employment or not of image energy normalization.

It is noticed in Figure 10 that the involvement of normal-
ization before feature extraction is beneficial for improving
classification accuracy. In fact, as the dimension of feature
vectors employed for classification grows, the advantage of
image energy normalization diminishes. This is because a
larger training feature set provides more information for
classification, where the classifier is empowered with more
discrimination ability by exploiting the provided informa-
tion. However, the classification with normalization achieves
good classification accuracy (around 96%) even when the
feature vector dimension is much lower, yielding an accuracy
which is almost the same as the accuracy achieved with
higher feature dimensions. Therefore, it is still suggested
to employ image energy normalization for preprocessing,
especially for classifiers constructed from training feature sets
of lower dimensionality. In the following, the image energy
normalization process is employed as a standard default
processing step.

5.2. Extension to Multiclass. We compare the OvO and OvA
strategies on the same training set (all 10 classes under SOCs)
to test their performance on the SAR ATR problem. It is
noted in Figure 11 that the OvO strategy appears to be outper-
forming the OvA strategy marginally in the SAR ATR prob-
lem. The marginal differences in recognition accuracy lie in
the unbalance of the training set, where the OvA strategy
employs the positive sample classes that are much less in
quantity than the negative sample classes. In fact, the advant-
age of the OvA strategy is that it is less in computation and
time complexity, where the OvO constructs 45 classifiers and
the OvA constructs 10 classifiers for a 10-class problem, res-
pectively. Since the aim of this paper is to provide a SAR ATR
scheme with high recognition accuracy, OvO is employed as
the default strategy for solving the multiclass problem.

5.3. Feature Extraction. In this section, we compare the
performance of feature extraction using the wavelet 192
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Figure 11: Performance comparison between OvO and OvA strate-
gies.
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Figure 12: Performance comparison between wavelet 192 and
wavelet 768.

(three-level wavelet decomposition) and the wavelet 768
(two-level wavelet decomposition). All 10 classes captured
under SOCs are employed for both training and testing.
As illustrated in Figure 12, these two curves coupled with
each other. The wavelet 192 outperforms the wavelet 768
when feature vectors possess lower dimensions. However,
this situation changes as the dimension of feature vectors
grows to 40. Moreover, the best classification result (97.46%)
is achieved by the use of wavelet 768 with feature dimension
of 70. This is because the wavelet 768 provides more features
for discrimination and the proposed ATR scheme constructs
and combines several discriminative tree classifiers thatmake
the most of the discriminative information inherent to the
extracted features.
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Figure 13: Performance comparison for all 10 targets at both
depression angles of 17∘ and 15∘.

5.4. Pose Rectification

5.4.1. Pose Estimation. To test the performance of the pro-
posed pose estimation method, the estimation results of
the proposed methods are compared to the ground truth
of target poses (the azimuth information provided in the
MSTAR database). The correctness of the estimation results
is evaluated with the so-called mean absolute difference
(MAD), which is calculated as Err = 1/𝑛∑𝑛

𝑖=1 |𝐸𝑡(𝑖) − 𝐸𝑒(𝑖)|.
The MAD reveals the actual estimation error about the
ground truth in comparison to the mean error (ME), since it
prevents the offset of the positive and negative errors. More-
over, the performance of the proposed method is evaluated
and compared with several widely cited methods, such as
the least square method (LSM) based estimation, the Hough
transform (HT) based method, the MBR based method, and
the Radon transform (RT) based method.

All 10 targets captured with different depression angles
and target poses are involved to test the robustness of the
proposed method over depression angle variations.The eval-
uation results for the 10 targets at depression angles 17∘ and
15∘ are listed in Tables 4 and 5, respectively. All serial number
variants of BMP2 and T72 in MSTAR dataset are involved
to test the robustness over variation in serial numbers. The
evaluation results of the data captured at depression angles 17∘
and 15∘ are listed in Tables 6 and 7, respectively. It is noted that
the MBR based method has achieved much lower estimation
error in comparison to other methods. However, the perfor-
mance of theMBR basedmethod has estimation error higher
than 10∘ in several tests. More specifically, the MBR based
method achieves the highest estimation error 15.32∘ for the
BRDM2 captured at depression angle of 15∘. In comparison
with thesemethods, the proposedmethod achieves the lowest
estimation error in all tests (lower than 10∘).

Furthermore, the average estimation error of the above
tests is illustrated as bar figure in Figures 13 and 14, such that
a muchmore distinct comparison can be observed. Similarly,
the proposedmethod is compared to the least square method
(LSM) based estimation, the HT based method, the MBR
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Table 4: MAD evaluation of the proposed method for all 10 targets at depression angle 17∘ (degrees).

Vehicle BTR60 2S1 BRDM2 D7 T62 ZIL131 ZSU234 BMP2 BTR70 T72
LSM 7.05 11.05 15.48 11.93 10.47 10.79 15.42 9.39 9.33 10.22
HT 9.17 11.26 12.14 18.86 14.69 12.34 15.16 10.72 8.09 12.64
MBR 6.10 7.45 14.66 6.27 7.18 11.87 8.23 6.79 9.38 4.99
RT 7.23 9.55 10.38 19.32 13.32 9.27 18.40 9.54 7.49 13.73
Proposed method 4.85 5.84 8.70 6.27 9.39 8.02 7.83 5.43 6.67 4.51

Table 5: MAD evaluation of the proposed method for all 10 targets at depression angle 15∘ (degrees).

Vehicle BTR60 2S1 BRDM2 D7 T62 ZIL131 ZSU234 BMP2 BTR70 T72
LSM 5.52 10.63 15.21 10.09 9.20 8.67 14.07 7.56 7.00 6.87
HT 7.00 10.16 10.96 16.72 13.49 10.13 14.32 9.02 6.87 10.38
MBR 5.11 6.64 15.32 6.40 6.93 10.23 8.81 5.12 7.01 3.53
RT 4.76 9.63 9.38 17.36 12.34 7.08 17.31 8.27 5.85 10.61
Proposed method 3.81 5.42 9.04 6.32 6.10 5.89 7.67 4.45 5.13 3.38

Table 6: MAD evaluation of the proposed method for all serial
number variants of BMP2 and T72 at depression angle 17∘ (degrees).

Vehicle type BMP2 T72
132 812 s7 9563 9566 c21

LSM 17.15 9.58 13.12 13.53 13.22 12.06
HT 18.87 14.81 16.23 12.96 13.04 13.76
MBR 7.97 5.50 6.40 11.90 9.96 8.71
RT 21.46 15.15 17.62 11.47 13.65 12.25
Proposed method 7.93 5.42 5.79 8.47 7.94 6.96

Table 7: MAD evaluation of the proposed method for all serial
number variants of BMP2 and T72 at depression angle 15∘ (degrees).

Vehicle type BMP2 T72
132 812 s7 9563 9566 c21

LSM 12.58 9.30 10.74 11.26 10.96 9.71
HT 15.98 12.36 13.32 9.44 9.63 11.58
MBR 7.75 4.85 4.53 8.57 6.93 6.57
RT 17.16 11.31 13.62 9.38 10.31 10.61
Proposed method 7.21 4.60 4.34 6.96 5.63 5.71

based method, and the RT based method. It is noted that, for
most of these methods, higher estimation error is achieved
in the serial number variation test. Compared with these
methods, the proposed method achieves robust and accurate
estimation results in both tests. Specifically, the proposed
method achieves the lowest average estimation error in all
tests (lower than 8∘).

5.4.2. Pose Rectification. The various target poses introduce
great variations into the SAR images. It has been experi-
mentally proven in several researches that rotating images
in certain directions or introducing rotationally invariant
features is beneficial for improving classification accuracy
[2, 3]. To this end, we rotate the image according to the target
poses in the SAR images, which is named as pose rectification.
In this section, we test the performance of the proposed
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Figure 14: Performance comparison for serial number variants of
BMP2 and T72 at both depression angles of 17∘ and 15∘.

scheme with or without pose rectification using the same
training and testing set (all 10 classes under SOC). The SAR
images are rotated anticlockwise according to their poses. As
can be seen from Figure 15, the classification with pose rec-
tification universally outperforms the classification without
pose rectification. It is also noted that the best classification
accuracy (99.3%) is achieved by the wavelet 768 with feature
dimension of 75. These results meet our expectation that the
classification can benefit from eliminating the pose variations
in SAR images. Specifically, the rectification of poses provides
target images for classification with fewer variations.

5.4.3. Outlier Rejection Performance. To evaluate the outlier
rejection performance of the proposed method, a varying
threshold for the log-likelihood test, which is introduced in
Section 3.2, was incorporated to provide the ROC curve.
BTR70, BMP2, and T72 listed in Table 1 are involved for
classifier training and the SLICY set is involved as confusers
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Figure 15: Performance comparison among the two cases which
refer to the employment or not of pose rectification.
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Figure 16: The outlier rejection performance of the proposed
method with wavelet 768 compressed with different dimensions.

with 1168 image chips, that is, 210 chips captured at 15∘, 298
chips captured at 16∘, 386 chips captured at 17∘, and 274 chips
captured at 29∘. As shown in Figure 16, at the probability of
detection 𝑃𝑑 = 90%, the probability of false alarm for feature
dimension of 75 is 𝑃fa = 2.34%. It is clear that the proposed
method is robust at rejecting confuser targets.

5.5. ATR Performance Comparisons. The effectiveness of the
proposed ATR scheme is tested in this section. Several widely
cited methods are involved for performance comparison,
for example, the Extended Maximum Average Correlation
Height Filter (EMACH) [53], the Support Vector Machine
(SVM) classifier with Gaussian kernel [52], feature fusion via
AdaBoost with neural networks as the base classifiers [2], and

the Iterative GraphThickening (IGT) approach [24].The best
result obtained from the proposedmethod is used to compare
with other methods.

Table 8 lists the performance comparison of the men-
tioned methods under SOCs. It is noted that the proposed
method has achieved significant improvements in classifica-
tion accuracy in comparison with other methods. A majority
of the classes are correctly classified with 100% accuracy
and the rest have 𝑃cc higher than 98%, which is also much
higher than other methods. Moreover, the superiority of the
proposed method is strengthened by the fact that the average𝑃cc (99.3%) is much higher than the second highest average𝑃cc (84.8%).

Four distinct target classes are involved in the following
test: EOC-1, including 2S1, BRDM2, T72, and ZSU234, as
listed in Table 2. All of these four classes are involved in
training and testing stages. The only difference is that the
training and testing set are captured under depression angles
15∘ and 30∘, respectively. The increase in depression angle
variations introduces a bigger challenge to the classification
problem. It is noted in Table 9 that the classification accuracy
of the most of the mentioned methods is lower than 88%
under EOC-1, where the superiority of the proposed method
(higher than 96%) is obvious. Furthermore, the average
classification accuracy of the proposed method is 97.5%
which is much higher than the other listed methods.

The training dataset under EOC-2 is composed of four
different target classes, BMP2, BRDM2, BTR70, and T72,
as summarized in Table 2. This test aims at testing the
performance of the SAR ATR algorithms with significant
different in serial numbers and configurations. The testing
set has only the T72 family with five different serial numbers
and the training set is composed of all these four mentioned
classes. In addition, the training set was obtained at 17∘ while
the testing set was obtained at depression angles of both 15∘
and 17∘ as shown in Table 3. Table 10 lists the performance
comparison of the mentioned methods under EOC-2. The
improvement in classification accuracy is substantial since
the average 𝑃cc of the proposed method is 96.9% which is
much higher than the second highest 84.8%.

5.6. Performance Comparison of Variations in Target Poses.
As analysed in Section 5.4, the involvement of pose rectifi-
cation is beneficial for improving the classification perfor-
mance. In fact, a single target will exhibit different appear-
ances when it is captured under various poses. In this
section, we conduct an experiment to test the influence of
the appearance differences introduced by the pose variations.
The experimental database is almost the same as the data
listed in Table 1 except that only one single serial number of
each target is involved for training and testing (C21 for BMP2
and S7 for T72). The images for training are selected from
the training database with different sample steps of target
poses (varied from 1∘ to 7∘), where 51 images are selected for
the training of each target. For example, the poses for Step1 are 1∘, 2∘, . . . , 51∘, the poses for Step 2 are 1∘, 3∘, . . . , 101∘,
and the poses for Step 7 are 1∘, 8∘, . . . , 351∘. Additionally, we
have also investigated the possibility of training classifiers
using training databases with different sizes, for example,
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Table 8: Confusionmatrix of EMACH,method proposed in [52], method proposed in [2], IGT, and the proposedmethod tested under SOCs
(𝑃cc (%)).

Confusion matrix of EMACH, the method proposed in [52], and the proposed method
Vehicle BMP2 BTR70 T72 BTR60 2S1 BRDM2 D7 T62 ZILI131 ZSU234
BMP2 90/90/100 2/2/0 4/3/0 1/1/0 1/1/0 0/2/0 0/0/0 1/0/0 0/1/0 1/0/0
BTR70 2/3/0 93/90/100 1/3/0 0/0/0 1/0/0 1/2/0 0/0/0 2/0/0 0/0/0 0/2/0
T72 2/2/0 0/1/0 96/93/100 0/3/0 1/0/0 0/0/0 0/0/0 0/0/0 1/1/0 0/0/0
BTR60 0/2/0 1/2/0 0/1/2 95/92/98 1/0/0 0/0/0 3/3/0 0/0/0 0/0/0 0/0/0
2S1 5/5/0 6/3/0 4/2/1 2/0/0 74/81/99 3/3/0 1/2/0 2/3/0 1/0/0 2/1/0
BRDM2 3/6/1 6/8/0 3/2/0 0/1/0 1/0/0 84/79/99 2/0/0 0/3/0 0/0/0 1/1/0
D7 2/0/1 3/0/0 2/0/0 1/0/0 0/1/0 0/0/0 85/98/99 3/0/0 2/0/0 2/1/0
T62 1/1/0 1/0/0 1/0/0 1/1/0 4/0/1 0/0/0 0/0/0 86/91/99 4/4/0 2/3/0
ZILI131 2/2/0 0/1/0 1/0/0 2/0/0 0/0/0 0/0/0 0/0/0 4/0/0 88/95/100 3/2/0
ZSU234 1/0/0 0/1/0 4/0/1 2/3/0 0/0/0 0/0/0 0/1/0 1/0/0 0/3/0 92/92/99

Confusion matrix of the method proposed in [2], IGT, and the proposed method
Vehicle BMP2 BTR70 T72 BTR60 2S1 BRDM2 D7 T62 ZILI131 ZSU234
BMP2 92/95/100 2/1/0 2/1/0 0/0/0 1/1/0 2/1/0 0/0/0 0/0/0 1/1/0 0/0/0
BTR70 3/2/0 93/94/100 0/0/0 0/0/0 0/00/ 2/2/0 0/0/0 0/0/0 0/0/0 2/2/0
T72 2/2/0 1/1/0 96/96/100 1/1/0 0/0/0 0/0/0 0/0/0 0/0/0 0/0/0 0/0/0
BTR60 2/1/0 0/0/0 2/1/2 93/97/98 0/0/0 0/0/0 3/1/0 0/0/0 0/0/0 0/0/0
2S1 3/3/0 4/4/0 1/1/1 0/0/0 87/89/99 2/0/0 0/0/0 2/1/0 0/0/0 1/2/0
BRDM2 5/2/1 3/1/0 2/4/0 0/0/0 0/0/0 85/90/99 5/2/0 0/0/0 0/0/0 0/1/0
D7 0/0/1 0/0/0 0/0/0 0/0/0 1/1/0 0/0/0 98/99/99 0/0/0 0/0/0 1/0/0
T62 1/1/0 0/0/0 0/0/0 0/0/0 0/0/1 0/0/0 0/0/0 93/95/99 3/3/0 3/1/0
ZILI131 2/2/0 2/2/0 0/1/0 0/0/0 0/0/0 0/0/0 0/0/0 0/0/0 94/95/100 2/0/0
ZSU234 1/1/0 0/0/0 0/0/1 1/1/0 0/0/0 0/0/0 0/0/0 0/0/0 2/2/0 96/96/99
The average 𝑃cc of these 5 methods are sequentially 88.3%, 90.1%, 92.7%, 94.6%, and 99.3%.

Table 9: Confusion matrix of EMACH, method proposed in [52], method proposed in [2], IGT, and the proposed method tested under
EOC-1 (𝑃cc (%)).

Vehicle 2S1 BRDM2 T72 ZSU234
2S1 67/74/77/78/99 15/8/5/6/0 12/9/11/9/1 6/9/7/7/0
BRDM2 17/12/15/15/2 57/66/73/76/97 19/9/5/6/1 7/13/7/3/0
T72 7/17/11/10/0 9/6/9/9/0 66/73/75/78/96 18/4/5/3/4
ZSU234 10/7/4/5/1 7/5/6/5/0 2/3/2/2/1 81/85/88/88/98
The average 𝑃cc of these 5 methods are sequentially 67.75%, 74.5%, 78.25%, 80.0%, and 97.5%.

Table 10: Confusion matrix of EMACH, method proposed in [52],
methodproposed in [2], IGT, and the proposedmethod tested under
EOC-2 (𝑃cc (%)).

Vehicle BMP2 BRDM2 BTR70 T72
T72 S7 4/5/4/5/0 8/4/6/4/2 6/4/2/3/1 82/87/88/88/97
T72 A32 9/7/5/6/0 5/5/8/3/0 5/2/3/2/0 81/86/84/89/99
T72 A62 8/7/6/5/0 6/5/5/4/1 3/6/4/4/3 83/84/85/87/97
T72 A63 13/15/11/7/0 6/6/9/5/1 11/3/4/7/2 70/76/76/81/97
T72 A64 16/9/10/11/0 4/5/5/4/2 12/13/9/6/3 68/73/76/79/94
The average 𝑃cc of these 5 methods are sequentially 76.8%, 81.2%, 81.8%,
84.8%, and 96.9%.

51 training images, 60 training images, 71 training images,
and 85 training images. Features are extracted with wavelet

768 and reduced to dimensionality of 55. The results are
illustrated in Figure 17.

It is noted in Figure 17 that as the incremental step of poses
increases, the achieved classification accuracy grows too.
More specifically, a much higher 𝑃cc of 90.3% is achieved by
employing 51 training imageswith incremental Step 7 in pose,
in comparison with a 𝑃cc of 42.9% achieved by employing 85
training imageswith incremental Step 1 in pose.Theprinciple
behind this observation is that the training datasets formed
with small pose variation steps can provide less target signal
information and thus, their content is not sufficient enough
to cover the different appearances of the targets captured
under various poses. In contrast, a much more complete
training dataset can be formed when the involved images are
capturedwith larger pose variations.The experimental results
in Figure 17 show that the best classification performance
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Figure 17: Performance comparison of training data selected with
different incremental steps of target poses.

90.3% is achieved when training with 51 images captured
using incremental Step 7 and 93.0% is achievedwhen training
with 85 images captured using incremental Step 4. Moreover,
it is quite straightforward to find that better classification
performance is always achieved when training with relatively
larger number of training images. It is worth pointing out that
only a small number of images are involved in the training
stage rather than several hundreds of them as used in the
previous tests. This is a promising result which implies that
a good classification result can be achieved even with much
less number of training images, as long as they are captured
with appropriate incremental step.

6. Conclusion

In this paper, we presented a systematic scheme for the
SAR ATR task. The proposed scheme involves three main
stages: preprocessing, feature extraction and processing, and
classifier construction. The effectiveness of involving several
preprocessing approaches (e.g., the image energy normal-
ization and the pose rectification processes) is analysed and
empirically verified. The results suggest that the involvement
of these preprocessing steps is beneficial for improving the
classification accuracy. Moreover, we proposed to expand the
feature set to provide more information for discrimination
and then eliminate the redundancy and dimensionality of the
extended feature set to form a more compact and efficient
feature set. Finally, the discriminative trees are learned as
the base classifiers and combined to construct a strong clas-
sifier by using the Real-AdaBoost algorithm. The proposed
method is evaluated with the MSTAR dataset under various
operating conditions. Experimental results demonstrate that
the proposed method outperforms traditional methods, for
example, EMACH, SVM,NN, and IGT.The advantages of the
proposed method give credit to the reduction of variations
in target images, the improvement of feature efficiency, the

elimination of redundancy in feature sets, and the excellent
generalization capability of the combined strong classifier.
Moreover, we have tested the classification performance of
the classifiers trained with different combinations of target
poses. Experimental results show that a classifier trained with
training images covering large variations of target poses can
produce good classification result even with limited number
of training images.

Conflicts of Interest

The authors declare that they have no conflicts of interest.

Acknowledgments

This work was supported by the EU H2020 TERPSICHORE
project “Transforming Intangible Folkloric Performing Arts
into Tangible Choreographic Digital Objects” under the
Grant Agreement 691218.

References

[1] S. Ochilov and D. A. Clausi, “Operational SAR sea-ice image
classification,” IEEE Transactions on Geoscience and Remote
Sensing, vol. 50, no. 11, pp. 4397–4408, 2012.

[2] Y. Sun, Z. P. Liu, S. Todorovic, and J. N. Li, “Adaptive boosting
for SAR automatic target recognition,” IEEE Transactions on
Aerospace and Electronic Systems, vol. 43, no. 1, pp. 112–125, 2007.

[3] J.-I. Park and K.-T. Kim, “Modified polar mapping classifier
for SAR automatic target recognition,” IEEE Transactions on
Aerospace and Electronic Systems, vol. 50, no. 2, pp. 1092–1107,
2014.
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Convolutional neural networks have proven to be highly successful in applications such as image classification, object tracking,
and many other tasks based on 2D inputs. Recently, researchers have started to apply convolutional neural networks to video
classification, which constitutes a 3D input and requires far larger amounts of memory and much more computation. FFT based
methods can reduce the amount of computation, but this generally comes at the cost of an increased memory requirement. On the
other hand, theWinogradMinimal Filtering Algorithm (WMFA) can reduce the number of operations required and thus can speed
up the computation, without increasing the required memory.This strategy was shown to be successful for 2D neural networks.We
implement the algorithm for 3D convolutional neural networks and apply it to a popular 3D convolutional neural network which is
used to classify videos and compare it to cuDNN. For our highly optimized implementation of the algorithm, we observe a twofold
speedup for most of the 3D convolution layers of our test network compared to the cuDNN version.

1. Introduction

Convolutional neural networks have proven advantages over
traditional machine learning methods on applications such
as image classification [1–4], tracking [5, 6], detection [7–
11]. However, the primary downside of convolutional neural
networks is the increased computational cost. This becomes
especially challenging for 3D convolution where handling
even the smallest instances requires substantial resources.

3D convolutional neural networks have recently come to
the attention of the scientific community. In [12], a database
for 3D object recognition named ObjectNet3D is presented.
The database focuses on the problem of recognizing the 3D
pose and the shape of objects from 2D images. Another
repository of 3D CAD models of objects is ShapeNet [13].
In [14], the authors propose VoxNet, a 3D convolutional
neural network, to solve the robust object recognition task
with the help of 3D information, while the authors of [15]
propose a 3D convolutional neural networks for human-
action recognition.

In the light of these successful applications, it is worth-
while to explore new ways of speeding up the 3D convolution

operation. In this paper we do so by deriving the 3D con-
volution forms of the minimal filtering algorithms invented
by Toom and Cook [16] and generalized by Winograd [17].
Our experiments show this algorithm to be very efficient
in accelerating 3D convolutional neural network in video
classification applications.

2. Related Work

Many approaches aim to directly reduce the computa-
tional cost within CNN. In [18], the authors analyse the
algebraic properties of CNNs and propose an algorithmic
improvement to reduce the computational workload. They
achieve a 47% reduction in computation without affecting
the accuracy. In [19], convolution operations are replaced
with pointwise products in the Fourier domain, which can
reduce the amount of computation significantly. Reference
[20] evaluates two fast Fourier transform (FFT) convolution
implementations, one based on Nvidia cuFFT [21] and the
other based on Facebook’s FFT implementation. The FFT
method can achieve an obvious speeding up of performance
when the filter size is large, and the disadvantage of the FFT
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method is that it consumes much more memory than the
standard method.

In [22], the authors useWMFA (WinogradMinimal Filter
Algorithm) [17] to implement the convolution operation.
In theory, fewer multiplications are needed in the WMFA,
while not much extra memory is needed. WMFA is easy to
parallelize; Lavin and Gray [22] implemented the algorithm
on GPU, and they achieved better performance than the
fastest cuDNN library. In [23], the authors show a novel
architecture implemented in OpenCL on an FPGA platform;
the algorithm they use to do the convolution isWMFA,which
significantly boosts the performance of the FPGA. However,
both works implemented 2D convolutional neural networks.

In this paper, we make four main contributions. Firstly,
we derive the 3D forms of WMFA and design detailed
algorithm to implement 3D convolution operation based on
3D WMFA. Secondly, we analyse the arithmetic complexity
of 3D WMFA and prove 3D WMFA method can reduce
computation in theory.Thirdly, we implement 3DWMFA for
GPU platform and propose several optimization techniques
to improve the performance of 3D WMFA. Finally, we eval-
uate the performance of 3D convolutional neural networks
based on several implementations and prove the advantage
of our proposed 3DWMFA method.

3. Fast 3D Convolution Algorithm

3.1. Preliminary: 3D Convolutional Neural Networks. For the
2D convolution, kernels have fixed width and height, and
they are slid along the width and height of the input feature
maps. For the 3D convolution, both feature maps and kernels
have depth dimension, and the convolution also needs to slide
along the depth direction.We can compute the output of a 3D
convolutional layer using the following formula:

𝑌𝑖,𝑘,𝑥,𝑦,𝑧 = 𝐶−1∑
𝑐=0

𝑇−1∑
𝑡=0

𝑅−1∑
𝑟=0

𝑆−1∑
𝑠=0

𝐼𝑖,𝑐,𝑥+𝑡,𝑦+𝑟,𝑧+𝑠𝐹𝑘,𝑡,𝑟,𝑠,𝑐, (1)

where𝑌𝑖,𝑘,𝑥,𝑦,𝑧 represents the result of a convolution operation
at the 𝑘th channel feature and 𝐼𝑖,𝑐,𝑥+𝑡,𝑦+𝑟,𝑧+𝑠 is one of the
input features, while 𝐹𝑘,𝑡,𝑟,𝑠,𝑐 is one of the filters. Equation
(1) represents a direct convolution method, which requires
intensive computability. The detailed arithmetic complexity
of this method is shown in Section 3.3.

3.2. 3D WMFA. We introduce a new, fast algorithm to
compute a 3D convolutional layer. The algorithm is based
on WMFA. In order to introduce the 3D WMFA, firstly, we
will give a simple introduction to the 1D WMFA. WMFA
computes outputwith a tile size of𝑚 each time;we use𝐹(𝑚, 𝑟)
to represent the output tile and 𝑟 is the filter size. According
to the definition of convolution, 2 × 3 = 6multiplications are
required to compute𝐹(2, 3), but we can reduce the number of
multiplications to do the convolution if we use the following
WMFA:

𝐹 (2, 3) = [𝑖0 𝑖1 𝑖2𝑖1 𝑖2 𝑖3]
[[
[
𝑓0𝑓1𝑓2
]]
]
= [𝑚1 + 𝑚2 + 𝑚3𝑚2 − 𝑚3 − 𝑚4] , (2)

where

𝑚1 = (𝑖0 − 𝑖2) 𝑓0,
𝑚2 = (𝑖1 + 𝑖2) 𝑓0 + 𝑓1 + 𝑓22 ,
𝑚4 = (𝑖1 − 𝑖3) 𝑓2,
𝑚3 = (𝑖2 − 𝑖1) 𝑓0 − 𝑓1 + 𝑓22 .

(3)

The number of multiplications needed is 𝜇(𝐹(2, 3)) = 2 + 3 −1 = 4; however, four additions are needed to transform the
input image, three additions to transform the filter, and four
additions to transform the result of the dot product. We can
use a matrix form to represent the computation:

𝑌 = 𝐴𝑇 [(𝐵𝑇𝑖) ⊙ (𝐺𝑓)] . (4)

We call the 𝐴𝑇, 𝐺, and 𝐵𝑇 transformmatrices, and the values
of the transforming matrices are

𝐵𝑇 = [[[[[
[

1 0 −1 0
0 1 1 0
0 −1 1 0
0 1 0 −1

]]]]]
]
,

𝐺 =
[[[[[[[[[[
[

1 0 0
12 12 12
12 −12 12
0 0 1

]]]]]]]]]]
]

,

𝐴𝑇 = [1 1 1 0
0 1 −1 −1] .

(5)

In (4), 𝑖 = [𝑖0 𝑖1 𝑖2 𝑖3]𝑇 and 𝑓 = [𝑓0 𝑓1 𝑓2]𝑇 represent the
input tile and filter tile, respectively. As described in [22], the
format of the 2DWMFA is as follows:

𝑌 = 𝐴𝑇 [[𝐺𝑓𝐺𝑇] ⊙ [𝐵𝑇𝑖𝐵]]𝐴, (6)

where 𝑓 is the filter with size 𝑟 × 𝑟 and 𝑖 is the image with
size (𝑚 + 𝑟 − 1) × (𝑚 + 𝑟 − 1). To compute 𝐹(2 × 2, 3 × 3),
we need 4 × 4 = 16 multiplications; however, 4 × 9 =36 multiplications are needed according to the convolution
definition. Therefore, 2D WMFA can reduce the number
of multiplications by a factor of 36/16 = 2.25 at the cost
of increasing 32 additions in the data transformation stage,
28 floating point instructions at the filter transformation
stage, and 24 additions at the inverse transformation stage.
For a convolutional layer, the number of input channels
and number of output channels are large, which means
the input channels need to convolve different filters, so the
transformed input tile can be reused as many times as the
number of output channels. Each filter needs to be slid in 𝑥
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Input: 𝐼0[𝑖𝑛 𝑠𝑖𝑧𝑒][𝑖𝑛 𝑠𝑖𝑧𝑒][𝑖𝑛 𝑠𝑖𝑧𝑒]
Temp array: 𝐼1[𝑖𝑛 𝑠𝑖𝑧𝑒][𝑜𝑢𝑡 𝑠𝑖𝑧𝑒][𝑖𝑛 𝑠𝑖𝑧𝑒], 𝐼2[𝑖𝑛 𝑠𝑖𝑧𝑒][𝑜𝑢𝑡 𝑠𝑖𝑧𝑒][𝑜𝑢𝑡 𝑠𝑖𝑧𝑒]
Output: 𝐼3[𝑜𝑢𝑡 𝑠𝑖𝑧𝑒][𝑜𝑢𝑡 𝑠𝑖𝑧𝑒][𝑜𝑢𝑡 𝑠𝑖𝑧𝑒]
for 𝑖 = 0 to 𝑖𝑛 𝑠𝑖𝑧𝑒 do
for 𝑗 = 0 to 𝑖𝑛 𝑠𝑖𝑧𝑒 do𝐼1[𝑖][0 : 𝑜𝑢𝑡 𝑠𝑖𝑧𝑒][𝑗] = 𝑇𝑚𝐼0[𝑖][0 : 𝑖𝑛 s𝑖𝑧𝑒][𝑗]
end for

end for
for 𝑖 = 0 to 𝑖𝑛 𝑠𝑖𝑧𝑒 do
for 𝑗 = 0 to 𝑜𝑢𝑡 𝑠𝑖𝑧𝑒 do𝐼2[𝑖][𝑗][0 : 𝑜𝑢𝑡 𝑠𝑖𝑧𝑒] = 𝑇𝑚𝐼1[𝑖][𝑗][0 : 𝑖𝑛 𝑠𝑖𝑧𝑒]
end for

end for
for 𝑖 = 0 to 𝑜𝑢𝑡 𝑠𝑖𝑧𝑒 do
for 𝑗 = 0 to 𝑜𝑢𝑡 𝑠𝑖𝑧𝑒 do𝐼3[0 : 𝑜𝑢𝑡 𝑠𝑖𝑧𝑒][𝑖][𝑗] = 𝑇𝑚𝐼2[0 : 𝑖𝑛 𝑠𝑖𝑧𝑒][𝑖][𝑗]
end for

end for

Algorithm 1: 3D winograd transformation.

and 𝑦 direction of input channel during convolution, so each
transformed filter is reused as many times as the number of
subtiles of input channel. And since the output tile is reduced
along the input channels, the inverse transformation is done
after reduction; then the number of inverse transformation
is determined by the number of output channels. Therefore,
the cost of data transformation stage, filter transformation
stage, and the inverse transformation stage keep low in real
convolutional layer implementation.

We can also apply the 3D WMFA to 3D convolution.
To compute 𝐹(2 × 2 × 2, 3 × 3 × 3), we apply the 3D
Winograd transformation to the input tile and filter tile
and apply 3D Winograd inverse transformation to the
dot product of the transformed input image tile and the
transformed filter tile. Algorithm 1 is a general form of
the 3D Winograd transformation. In the algorithm, 𝑇𝑚 is
the transformation matrix; the transformation matrix can
be 𝐺 applied to transform the filter tile or 𝐵𝑇 applied to
transform the input image tile. The dot product of the
transformed input image tile and transformed filter tile will
be accumulated along the𝐶 channels, which can be converted
to a matrix multiplication similar to the description in
[22]

𝑌𝑖,𝑥,𝑦,𝑧,𝑘 = 𝐶−1∑
𝑐=0

𝐼𝑖,𝑐,𝑥,𝑦,𝑧 ∗ 𝐹𝑘,𝑐 = 𝐶−1∑
𝑐=0

𝐴𝑇 [𝑈𝑘,𝑐 ⊙ 𝑉𝑐,𝑖,𝑥,𝑦,𝑧] 𝐴

= 𝐴𝑇 [𝐶−1∑
𝑐=0

𝑈𝑘,𝑐 ⊙ 𝑉𝑐,𝑖,𝑥,𝑦,𝑧]𝐴.
(7)

Consider the sum

𝑀𝑘,𝑖,𝑥,𝑦,𝑧 = 𝐶−1∑
𝑐=0

𝑈𝑘,𝑐 ⊙ 𝑉𝑐,𝑖,𝑥,𝑦,𝑧. (8)

The previous equation can be divided into several submatrix
multiplications; assume the output tile size is (𝜀, 𝜂, ]), using
new coordinates (𝑖, 𝑥, 𝑦, �̃�) to replace (𝑖, 𝑥, 𝑦, 𝑧), yielding

𝑀𝜀,𝜂,]
𝑘,𝑖,𝑥,𝑦,�̃�

= 𝐶−1∑
𝑐=0

𝑈(𝜀,𝜂,])
𝑘,𝑐

𝑉(𝜀,𝜂,])
𝑐,𝑖,𝑥,𝑦,�̃�

. (9)

This equation represents the matrix multiplication, and it can
be simplified as follows:

𝑀(𝜀,𝜂,]) = 𝑈(𝜀,𝜂,])𝑉(𝜀,𝜂,]). (10)

Algorithm 2 gives the overview of the 3D WMFA. The
algorithmmainly consists of four stages, which areWinograd
transformation of the input feature tile; Winograd transfor-
mation of the filter tile; the matrix multiplication, which is
converted from the dot product of the transformed input
tile and the transformed filter tile; and the inverse Winograd
transformation of the result of the matrix multiplication.

3.3. Arithmetic Complexity Analysis. For input feature maps
with size𝑁×𝐶×𝐷×𝐻×𝑊, filters with size𝐾×𝐶×𝑘×𝑘×𝑘,
and the output features with size𝑁×𝐾×𝑀×𝑃×𝑄, the total
number of float operations in the multiplication stage can be
represented as follows:

𝐿1 = 2𝑁⌈𝑀𝑚 ⌉⌈ 𝑃𝑚⌉⌈𝑄𝑚⌉𝐶𝐾 (𝑚 + 𝑟 − 1)3 , (11)

where 𝑟 is the filter size and𝑚 is the size of the output subtile.
However, if we use the direct convolution method, which is
computed according to the definition of convolution, the total
number of float operations is computed as follows:

𝐿2 = 2𝑁𝑀𝑃𝑄𝐶𝐾𝑟3. (12)

Dividing 𝐿1 by 𝐿2 yields
𝐿2𝐿1 =

𝑚3 ∗ 𝑟3
(𝑚 + 𝑟 − 1)3 . (13)
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𝑃 = 𝑁⌈𝑀/𝑚⌉⌈𝑃/𝑚⌉⌈𝑄/𝑚⌉ is the number of image tiles.𝛼 = 𝑚 + 𝑟 − 1 is the input tile size.
Neighbouring tiles overlap by 𝑟 − 1.𝑑𝑐,𝑏 ∈ 𝑅𝛼×𝛼×𝛼 is input tile 𝑏 in channel 𝑐.𝑔𝑘,𝑐 ∈ 𝑅𝑟×𝑟×𝑟 is filter 𝑘 in channel 𝑐.𝑌𝑘,𝑏 ∈ 𝑅𝑚×𝑚×𝑚 is output tile 𝑏 in filter 𝑘.
for 𝑘 = 0 to 𝐾 do
for 𝑐 = 0 to C do𝑢 = 𝑇𝑘(𝑔𝑘,𝑐) ∈ 𝑅𝛼×𝛼×𝛼
Scatter 𝑢 to matrices 𝑈: 𝑈(𝑖,𝑗,𝑘)

𝑘,𝑐
= 𝑢𝑖,𝑗,𝑘

end for
end for
for 𝑏 = 0 to 𝑃 do
for 𝑐 = 0 to C do
V = 𝑇𝑑(𝑑𝑐,𝑏) ∈ 𝑅𝛼×𝛼×𝛼
Scatter V to matrices 𝑉: 𝑉(𝑖,𝑗,𝑘)

𝑐,𝑏
= V𝑖,𝑗,𝑘

end for
end for
for 𝑖 = 0 to 𝛼 do
for 𝑗 = 0 to 𝛼 do
for 𝑘 = 0 to 𝛼 do𝑀(𝑖,𝑗,𝑘) = 𝑈(𝑖,𝑗,𝑘)𝑉(𝑖,𝑗,𝑘)
end for

end for
end for
for 𝑘 = 0 to 𝐾 do
for 𝑏 = 0 to 𝑃 do
Gather𝑚 from matrices𝑀: 𝑚𝑖,𝑗,𝑘 = 𝑀𝑘,𝑏𝑌𝑘,𝑏 = 𝑇𝑚(𝑚)

end for
end for

Algorithm 2: 3D Convolutional layer implemented with WMFA 𝐹(𝑚 × 𝑚 × 𝑚, 𝑟 × 𝑟 × 𝑟).

Assuming𝑚 = 2 and 𝑟 = 3, there is an arithmetic complexity
reduction of (2 ∗ 2 ∗ 2 ∗ 3 ∗ 3 ∗ 3)/(4 ∗ 4 ∗ 4) = 216/64 =3.375. However, there are some extra computations inWino-
grad transformation stage, so we cannot achieve so much
complexity reduction in reality. The detailed performance
improvements are shown in Section 5.2.

4. Implementation and Optimizations

4.1. Implementation. We have three implementation versions
for the 3D WMFA on a GPU. In our implementations,
cuBLAS is called to do the multiplication. Furthermore, we
manually implement six kernels according to Algorithm 2.
Figure 1 shows the flow of our baseline implementation.
The imageTransform kernel transforms all the image subtiles,
the filterTransform kernel transforms all the filter tiles, and
ouputTransform kernel inversely transforms the result of the
multiplication. For the baseline implementation, we also have
two additional kernels to reorganize the transformed image
data and transformed filter data and one kernel to reorganize
the result of the multiplication before the results go to the
outputTransform kernel.

Winograd transformation algorithm is suitable for paral-
lelization on GPU. Taking the imageTransform kernel as an
example, the input to the imageTransform kernel is the input

feature map. We assume the input feature maps have a size
of 𝑁 × 𝐶 × 𝐷 × 𝐻 × 𝑊, where 𝑁 is the batch size, 𝐶 is the
number of input channels, and 𝐷 × 𝐻 × 𝑊 is the size of a
single channel. As is described in Algorithm 2, the number
of image tiles for each channel is 𝑃, so the total number of
image tiles is 𝑃 × 𝐶; all those image tiles can be transformed
independently. For the baseline of the GPU implementation,
the image data is stored in NCDHW order, and we set the
number of threads in one block to be 32, each thread is
responsible for processing Winograd transformation of one
input subtile, and the number of blocks in the grid is set to(⌈𝑁/32⌉, ⌈𝑀/𝑚⌉⌈𝑃/𝑚⌉⌈𝑄/𝑚⌉, 𝐶). We can make full use of
the large-scale parallel processing units of a GPU when the
number of blocks is large.

For the filterTransform kernel, there are 𝐾 × 𝐶 filter tiles;
we still set the number of threads of one block to be 32
and the number of blocks to (⌈𝐾/32⌉, 𝐶, 1). Before we call
cuBLAS to implement the matrix multiplication, we need
to reorganize the transformed filter and transformed image
data. For transformed filter, there are 𝐾 × 𝐶 tiles in total,
and each tile has size of 𝛼 × 𝛼 × 𝛼, each time we gather one
value from one tile to generate a submatrix of size 𝐾 × 𝐶.
Figure 2 shows how the transformed data are reorganized in
new layout on GPU; they are implemented by the kernels
reshapeTransformedImage and reshapeTransformedFilter in
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ReshapeOutput

ReshapeTransformedImage ReshapeTransformedFilter

FilterTransformImageTransform
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Figure 1: The computing flow of 3DWMFA.

our baseline implementation. They gather correlated and
transformed filters and transformed image data to form two
submatrices, and SGEMM from the cuBLAS library is called
to do the multiplication. The result of the multiplication also
needs to be reshaped before the inverse transformation.

4.2. Optimizations. We make two optimizations to achieve
higher performance. The first optimization is to align mem-
ory access, which can make memory access more efficient
and increase the cache hit rate. The second optimization is to
combine the transformation kernel with the reshape kernel to
reduce global memory access.

The storing order of data and how data is accessed by
a thread can significantly affect the performance. For the
baseline implementation, the image data is stored inNCDHW
order, and threads in the same block access data along
the 𝑁-dimension, which means data accessed by threads
keeps long distances. However, the size of the cache on a
GPU is limited; therefore, if the distance between the data
items accessed by threads is larger than the size of the
cache line, then each thread needs to access global memory
separately, causing lots of memory accesses. In our first
optimization version, we change the storage order of image
data to CDHWN. Since the image data is stored starting from
the N-dimension, data accessed by all threads in the same
block is continually stored, and all data items loaded from
the global memory are useful, which means the bandwidth
is fully used. The same optimization method is applied
to the filter transformation and inverse transformation
kernel.

Based on the first optimization, we apply our second
optimization to improve performance further. The second
optimization is to reduce the number of global memory
accesses. For the baseline implementation, after the filter
transformation or image transformation kernel is executed,

Table 1: Properties of the GeForce GTX 1080.

Parameters Values
CUDA capability major/minor version number 6.1
Total amount of global memory 8GB
CUDA cores 2560
L2 cache Size 2MB
Warp size 32
Total number of registers available per block 64KB

the transformed filter or transformed image data need to be
stored in a new layout using reshapeTransformedFilter and
reshapeTransformedImage kernel and using the ReshapeOut-
put kernel before the inverse transformation, while on our
second optimized version, we move the work of the reshape
kernel to the transformation kernel, so in the optimized
transform kernel, after the inputs are transformed, the result
will be stored directly back in the expected layout. In the
optimized inverse transformation, before inverse transforma-
tion, the required data is gathered directly from the global
memory.

5. Experiments

5.1. Experimental Setup. All experiments are evaluated on
a GeForce GTX 1080 GPU, which has a total amount of 8
GBytes global memory and has 20 multiprocessors. Detailed
parameters of the GTX 1080 are shown in Table 1.

5.2. Performance Evaluation. We apply our 3D WMFA to
a widely used 3D neural network called v3d [9], which is
used to classify videos. The 3D neural network has five
convolutional layers; Table 2 shows the information about
these 3D convolutional layers.
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Figure 2: For an input matrix, its size is (𝑀,𝑁 ∗ 𝛼 ∗ 𝛼 ∗ 𝛼); 𝛼 is the tile size, here equal to 4. After the reshape kernel is applied, lots of small
submatrices with new layouts are generated.

Table 2: Convolution layers of a 3D network; the filter size in all
layers is 3×3×3, and the GFLOPS columns calculate the number of
flops operations in each convolutional layer. Assume the batch size
is 32.
Layer 𝐶 × 𝐷 × 𝐻 ×𝑊 ×𝑁 𝐾 GFLOPS
conv1 3 × 16 × 112 × 112 × 32 32 16.65
conv2 32 × 16 × 56 × 56 × 32 64 88.8
conv3 64 × 8 × 28 × 28 × 32 256 88.8
conv4 256 × 4 × 14 × 14 × 32 256 44.4
conv5 256 × 2 × 7 × 7 × 32 256 5.55

Firstly, we evaluate the performance of our three imple-
mentations on the 3D convolutional layers, except for the first
convolutional layer, which has only three input channels and

is not yet supported in the algorithm. Figure 3 shows the
increase in speed we achieved after we used two optimiza-
tions. For the first optimization, we observe a 3 to 4 times
speeding up for all these test convolution layers compared to
the baseline implementation. However, for the second opti-
mization, themaximum speeding up can be close to 42 for the
third convolution; even the minimum speeding up is about
13 for the last convolution layer. The first optimization makes
memory access more efficient, and the second optimization
reduces lots of unnecessary global memory accesses. Since
the latency of global memory access on a GPU is large,
we achieve a good performance improvement in the second
optimization.

We explore the detailed performance for one specific
convolution layer to see how these two optimizations improve
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Table 3: Performance of cuDNN SGEMM versus that of the 3D WMFA on 3D convolution layers. Performance is measured in effective
TFLOPS.

Layer 𝐶 × 𝐷 × 𝐻 ×𝑊 ×𝑁 𝐾 TFLOPS Speedup
cuDNN SGEMM 3DWMFA

conv2 32 × 16 × 56 × 56 × 32 64 1.21 1.28 1.05
conv3 64 × 8 × 28 × 28 × 32 256 2.38 3.31 1.39
conv4 256 × 4 × 14 × 14 × 32 256 2.4 4.72 1.96
conv5 256 × 2 × 7 × 7 × 32 256 1.46 2.1 1.44
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Figure 3: Speedup with different optimizations on 3D convolution
layers.
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Figure 4: Time percentage distribution of each kernel in each
implementation version for a specific convolution layer.

each kernel separately. We profile the time percentage of
each kernel in each implementation version for conv3,
which takes most of the computation time among all these
convolution layers. Figure 4 shows the profiling results;
the kernel ReshapeOutput in both baseline and the first
optimization takes up themost time, since the kernel contains
lots of global memory accesses. However, in the second
optimization version, there are no reshape kernels and the
kernel sgemm takes most of the execution time. In all three
implementations, the kernel filterTransform takes only about
0.1% of the total time.

Finally, we compare our best optimized implementation
with the cuDNN library. The cuDNN library is the fastest
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Figure 5: Execution time of different methods on 3D convolution
layers.

deep-learning library. There are two algorithms available
to implement a 3D convolution layer: one converts the
convolution to a matrix multiplication and the other exploits
the FFT tiling method to implement the convolution. We
use cuDNN SGEMM and cuDNN FFT Tiling to represent
the two methods called in the cuDNN library, and we use
3D WMFA to represent our algorithm. Figure 5 shows the
execution time of these three methods on four convolution
layers. The 3D WMFA method is about 30% slower than the
cuDNN FFT Tiling method on the conv2 layer; however, it is
a bit faster than cuDNN SGEMM method. The cuDNN FFT
Tiling method achieves a fast speed at the cost of consuming
a large amount of memory. Since parameters𝐶 and𝐾 are not
large in the conv2 layer, this makes the matrix multiplication
in 3D WMFA on small scale, which affects the performance.
However, with parameters𝐶 and𝐾 increased on layers conv3,
conv4, and conv5, the 3D WMFA method achieves better
performance than the other two methods. We added the
execution time of each layer for each method, the total time
of all layers is 132.6ms for cuDNN SGEMMmethod, 135.4ms
for cuDNN FFT Tiling method, and 108.2ms for 3D WMFA
which is better than the other two methods.

We can also calculate the performance of these two
methods in TFLOPS. Table 3 shows the effective TFLOPS
of cuDNN SGEMM and 3D WMFA method. We achieve a
maximum speedup of 1.96 compared to cuDNN SGEMM.

6. Conclusions

A 3D convolution layer requires a high computational cost
and consumes lots of memory. We designed a 3D WMFA
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to implement 3D convolution operation. Compared to tra-
ditional convolution methods, such as SGEMM or FFT, the
3D WMFA can reduce computation, in theory. When we
implemented the algorithm on a GPU, we observed the
expected performance of the algorithm in the experiments.
For some 3D convolution layers, we even achieve close to 2
times speedup compared to cuDNN library.

However, the computation and memory requirements of
3D convolution obviously increase with more complex 3D
neural networks. In our future work, we will implement𝐹(4×4 × 4, 3 × 3 × 3) to reduce the computation further to ease the
intensive computation problem and adopt a FP16 data type to
compute, which can save half of the memory usage directly.
It is also necessary to parallel the convolution computation
among multi-GPUs or multinodes.
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From allowing basic communication to move through an environment, several attempts are being made in the field of brain-
computer interfaces (BCI) to assist people that somehow find it difficult or impossible to perform certain activities. Focusing on
these people as potential users of BCI, we obtained electroencephalogram (EEG) readings from nine healthy subjects who were
presented with auditory stimuli via earphones from six different virtual directions. We presented the stimuli following the oddball
paradigm to elicit P300 waves within the subject’s brain activity for later identification and classification using convolutional neural
networks (CNN).TheCNNmodels are given a novel single trial three-dimensional (3D) representation of the EEG data as an input,
maintaining temporal and spatial information as close to the experimental setup as possible, a relevant characteristic as eliciting
P300 has been shown to cause stronger activity in certain brain regions. Here, we present the results of CNN models using the
proposed 3D input for three different stimuli presentation time intervals (500, 400, and 300ms) and compare them to previous
studies and other common classifiers. Our results show >80% accuracy for all the CNN models using the proposed 3D input in
single trial P300 classification.

1. Introduction

Brain-computer interfaces (BCI) offer a way for people to
communicate with devices using their brain. Although the
applications and environments in which BCI have been
explored are numerous, here we focus on their potential
supporting role for people with muscle movement limita-
tions.

Some BCI use event-related potentials (ERP) to link a
person’s brain to the actuator or device the person intends
to interact with. ERP are brain activity patterns that can
be measured by electroencephalography (EEG). Among the
many ERP, we used P300 for this study. P300 is the positive
deflection expected between 250 and 700ms after the BCI
user identifies an irregular (expected) cue among regular ones
in an experimental setup. This way of presenting stimuli to
the BCI user is known as the oddball paradigm. P300 can be
elicited through the oddball paradigm using different stimuli
(e.g., sound or image). BCI applications and experiments

involving EEG, P300, and image stimuli that focus on people
with motor disadvantages have been widely explored and
successfully developed in the past [1–3].

For this study, we used sound stimuli to elicit P300
through the oddball paradigm. Although images have been
successfully used for such tasks, their use requires that the
subjects (who might have physical disabilities) retain control
of their eyes and some face and head muscles as well.
However, that is not the case for blind people who have lost
their ability to see or were never sighted, or for patients with
complete locked-in syndrome, who are not in control of their
eye movements. By using sound stimuli, we believe that a
more portable BCI can be developed, which is suitable for
those who cannot receive visual stimuli or simply prefer to
dedicate their vision to other tasks.

Once P300 is elicited, the BCI should be able to recognize
it and classify it as such. For this purpose, we used several
convolutional neural network (CNN) structures. CNN rep-
resent a specific topology of a multilayer perceptron (part
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of the artificial neural network (ANN) family). Like many
other machine learning models, CNN have been used for
classification purposes with satisfactory results in different
applications [4–7].

Unlike many types of ANN, CNN can handle two- or
three-dimensional (2D or 3D) inputs without mapping data
onto a one-dimensional (1D) vector, which can be a cause of
information loss depending on the nature of the data. Data
mapping is common in BCI applications, but as studies show
that eliciting P300 causes stronger brain activity in certain
brain regions, maintaining both spatial and temporal EEG
information when making the CNN input might be key to
achieving higher accuracy in P300 classification. With this
in mind, we propose a novel 3D input for the CNN. Our
approach avoids the information loss that comes with data
mapping and allows main CNN operations (convolution and
pooling) to take place without the limitations described in
other studies [8].

We use our proposed 3D input to test 30 different CNN
structures for P300 classification.The CNN structures varied
from each other by the kernels (patches) used during the
convolution or pooling processes.We also used different pool
strides to cause or avoid overlapping, depending on the case,
as this has been reported to improve the CNN performance
in some applications [9].

The following sections of this work are organized as
follows: in Section 2, we explain in detail the experimental
setup used to produce and process the dataset used. Further,
the general CNN structure and details regarding the shape of
the proposed 3D input are presented in Section 3. Finally, in
Sections 4 and 5, we discuss our results, comparing them to
those obtained in other similar studies and also presenting the
performance of other common classifiers used in this context.

2. Dataset

2.1. Experimental Setup. The dataset used for this study cor-
responds to evoked P300 waves from nine healthy subjects (8
men, 1 women) obtained using an auditory BCI paradigm. A
digital electroencephalogram system (Active Two, BioSemi,
Amsterdam, Netherlands) was used to record brain activity
at 256Hz. The device consists of 64 electrodes distributed
over the head of the subjects by a cap, using the configuration
shown in Figure 1(a). This study was approved by the ethics
boards of the Nagaoka University of Technology. All subjects
signed consent forms that contained detailed information
about the experiment and all methods complied with the
Declaration of Helsinki.

The subjects were presentedwith auditory stimuli (100ms
of white noise), similar to that performed in [10], using the
out-of-head sound localization method presented in [11], so
that subjects could hear the stimuli coming from one of six
virtual directions via earphones (see Figure 2(a)). Stimuli
were followed by a silent interval of time. One stimulus and
one corresponding silent interval were referred to as a trial.
Three different trial lengths (500, 400, and 300ms) were used
to analyze the impact of the speed of stimuli presentation on
the identification of the P300 wave. Each subject completed
12 experimental sessions, each consisting of around 180 trials

for a given trial length. On each session, the subjects were
asked to focus on only the sound perceived to be coming from
one of the six virtual directions, which was called the target
direction. The subjects counted in silence with their eyes
closed every time they perceived sound being produced from
the target direction and ignored the rest. Ideally, this should
elicit P300. The target direction rotated from directions 1 to
6, one by one, for sessions 1 to 6 and then repeated in the
same order for sessions 7 to 12.The direction in which stimuli
were presented was pseudorandomized; therefore for every
six trials, sound from each direction was produced at least
once and stimuli coming from the target direction were never
produced sequentially to avoid overlapping of P300.

2.2. Preprocessing and Data Accommodation. Before sorting
into training and test sets, EEG data were baseline corrected
using a Savitzky-Golay filter from −100ms before stimulus
onset until the end of the trial (i.e., end of the silent period
after stimulus offset).

A filtering process was also conducted along all EEG
channels using Butterworth coefficients for a bandpass filter
with cutoff frequencies of 0.1 and 8Hz. Next data were
downsampled to 25Hz (approximately a tenth of the original
size). Data were downsampled as the original size would
result in longer processing and training/testing times. Similar
downsampling can be found in [10]. Nonaveraged trials were
used for this study.

As each subject performed 12 experimental sessions (see
Figure 2(b)), with around 180 trials in each of them, data
collection for each subject consists of approximately 2160
trials for a given trial length for each subject. Given the
pseudorandomized nature of the stimuli production, for each
six produced stimuli, one was from the target direction. That
stimuli were labeled as the target trial and the rest as nontarget
trials. Consequently, of nearly 2160 trials, each subject was
expected to produce around 360 target trials as a result
of 12 sessions (i.e., a sixth of them), while the remaining
are nontarget trials. In this case, the target direction is
not particularly relevant, as independently of where the
target direction is located, perceiving stimuli correctly from
that direction should elicit P300. What is important is to
determine is whether the user can differentiate among the
six virtual directions and that focusing on one of them and
perceiving sound from it are possible with the proposed
experimental setup.

Training and test sets were generated for each subject on
a given trial length using only that subject’s data. To generate
the training and test sets for each subject, first we shuffled
the target trials with the same happening to the nontarget
trials. Next, we distributed half of the target trials in each
set with the same applying for nontarget trials. This resulted
in training and test sets for each subject containing around
1100 trials each, with approximately 180 target trials and 900
nontarget trials in each set.

As can be seen in Figure 3(c), regardless of the trial length,
the proposed input consisted of 1100ms of recorded brain
activity after stimulus onset. We consider the same amount
of information to fairly evaluate all trial lengths and compare
our results to previous work in Section 4.
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3. Input Shape and CNN Model

3.1. 3D Input. For the detection of P300 using EEG, the
electrode position is relevant as there are areas where the
potential is experienced more strongly [10]. This, however,
has not been addressed in previous research, insteadmapping
the 3D data (position of electrodes and time) into a 2D
vector that contains all EEG channel activity during the
experiment. This not only causes information loss, but also
prevents classifiers such as CNN to be used without special
consideration (as observed in [8]).

To avoid information loss and limitations of CNN oper-
ations, positions of the 64 electrodes were mapped onto a 10
× 11 matrix (see Figure 1(b)), maintaining their position as
close as possible to their real arrangement in the experimental
setup. Time information is presented through an extra axis, so
the 3D input has the shape shown in Figure 1(c). Cells that do
not correspond to an electrode (gray ones) are set to zero in
all instances.

In Section 4, we presented a 2D input for performance
comparison purposes. In that case, the input has the shape
depicted in Figure 1 (upper flow). The preprocessing, data
accommodation (train and test set size), and any other
considerationsmade for the 3D input in Section 2.2 also apply
for the 2D one.

3.2. CNNModel. This particular neural network architecture
is a type of multilayer perceptron with feature-generation
and a dimension-reduction oriented layer, which together
compose a convolutional layer. Unlike other layered-based
neural networks, CNN can receive a multidimensional input
in its original form, process it, and successfully classify
it without a previous feature extraction step. The general
structure of the CNN is presented in Figure 3. For our
study, we used a 3D input and produce 28 feature maps (one
for each time sample). While CNN with layers lacking the
pooling process are also possible, the pooling process offers
scale invariance for the resulting feature maps. It also helps
preventing overfitting and allows reduction of computational
complexity of the model by reducing the size of the resulting
feature maps, thereby shortening training/test times.

Here, we proposed 30 different CNN models to investi-
gate the impact that different convolution and pool patches
have on model performance. The proposed models varied
from each other in terms of convolution or pool patch size.
The CNN models were implemented using a GeForce GTX
TITAN X GPU by NVIDIA in Python 2.7 using the work
developed by [12].

Additionally, fixed pooling strides were used as an alter-
native to the default value, which had the same size as the pool
patch, with the purpose of forcing pool patches to overlap (or
not) during the pooling process, as this has been reported
to improve the CNN performance [9]. For this purpose,
we applied fixed pooling strides with the values [1 × 1], [1
× 2], [1 × 3], [2 × 2], and [2 × 3]. While normally the
pooling stride is given as an integer value, in the work of
[12], used in this study, the pooling stride must be defined
as an array of two values, with the first one corresponding
to the step(s) taken along the 𝑥-axis and the second one of

Table 1: Proposed convolution, pool patches, and pool stride for the
current study.

Patch number Convolution patch Pool patch Pool stride
(0) [3 × 3] [2 × 2] Default
(1) [2 × 2] [3 × 3] [1 × 1]
(2) [3 × 2] [1 × 2] [1 × 2]
(3) [2 × 3] [1 × 3] [1 × 3]
(4) [2 × 4] [2 × 3] [2 × 2]
(5) [1 × 4] [2 × 3]

those taken along the 𝑦-axis. The whole input is spanned
using this approach, with only the pooling process affected.
For the convolution process, the stride is 1. When a pooling
stride different than the default one is used, areas where the
pooling patch is applied to the feature map can overlap from
one application to another, or contrarily certain areas can
be skipped depending on the size of the stride and the pool
patch. With our proposed pooling strides, we intended to
cause overlapping in the application areas to show whether
this impacts the CNNperformance (as in [9]).We believe this
approach could benefit CNN models as spanning the same
area more than once with the max pooling approach could
pick up the features corresponding to the P300 production
as this wave causes stronger activity in specific brain areas.
This should create a resulting featuremap containingmultiple
times this part of the feature map, making classification
easier.

For a given trial length and pool stride value, 30 CNN
models were trained for each subject. As there are nine
subjects, three trial lengths, and six pool stride values, a total
of 4860 CNN were trained for this research. However, only
results showing the average performance of the nine subjects
will be presented. Tested convolution and pool patches are
summarized in Table 1, as well as their patch number, which
will be used to present results in the next section.

Each patch is referenced by a number, starting from 0. All
possible patch combinations were tested with the resulting
model using particular convolution and pool patches, with
a patch code consisting of two digits being presented. The
first digit corresponds to the convolution patch and the
second one to the pool patch. Therefore, for patch code 24,
we are referring to the CNN model that used the [3 × 2]
convolution patch and the [2 × 3] pool patch. Given that the
tested CNN are numerous, we present a statistical analysis in
Section 4.1 implementing ANOVA between the models and
the proposed pool strides.

As for the learning rate of CNN, it was set at 0.008 based
on preliminary tests.The optimizationmethod we used is the
stochastic gradient descent as it has been demonstrated [13]
to be beneficial for training neural networks on datasets with
large examples, using the mini batch approach (batch size
of 100). Classification at the output layer is performed using
the softmax function, which produces a label based on the
probability of a given example to belong to one dataset class.

To calculate classification accuracy we have to consider
that the proportion of target and nontarget trials in the
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00 01 02 03 04 10 11 12 13 14
0.863 0.858 0.862 0.860 0.859 0.859 0.858 0.862 0.862 0.861
0.865 0.861 0.862 0.862 0.862 0.862 0.861 0.862 0.861 0.862
0.863 0.861 0.841 0.860 0.859 0.858 0.858 0.861 0.862 0.860
0.861 0.860 0.862 0.860 0.862 0.862 0.862 0.863 0.862 0.860
0.860 0.859 0.856 0.858 0.859 0.862 0.859 0.864 0.860 0.861
0.865 0.858 0.862 0.864 0.862 0.860 0.859 0.863 0.861 0.861

20 21 22 23 24 30 31 32 33 34
0.863 0.859 0.862 0.863 0.861 0.862 0.857 0.862 0.861 0.857
0.862 0.862 0.862 0.860 0.862 0.862 0.861 0.862 0.862 0.865
0.863 0.859 0.859 0.836 0.860 0.862 0.860 0.864 0.862 0.862
0.861 0.859 0.861 0.863 0.861 0.861 0.862 0.859 0.861 0.863
0.862 0.857 0.840 0.845 0.856 0.838 0.862 0.861 0.860 0.859
0.863 0.854 0.863 0.861 0.862 0.863 0.858 0.863 0.862 0.864

40 41 42 43 44 50 51 52 53 54
0.862 0.860 0.863 0.861 0.862 0.864 0.861 0.865 0.862 0.861
0.863 0.861 0.863 0.861 0.862 0.863 0.859 0.865 0.865 0.862
0.862 0.863 0.862 0.863 0.862 0.864 0.861 0.861 0.837 0.862
0.863 0.862 0.860 0.845 0.864 0.862 0.862 0.863 0.862 0.863
0.863 0.862 0.861 0.861 0.862 0.862 0.860 0.859 0.837 0.860
0.863 0.859 0.862 0.862 0.861 0.862 0.854 0.863 0.863 0.862

D

1 × 1

2 × 3

1 × 3

2 × 2

1 × 2

D

1 × 1

2 × 3

1 × 3

2 × 2

1 × 2

D

1 × 1

2 × 3

1 × 3

2 × 2

1 × 2

Figure 4: Summary of results from nine subjects in the 500ms trial
interval.

training and test sets was not even. Thus, we used the
expression

accuracy = √TP𝑃 ×
TN
𝑁 , (1)

where TP stands for true positives and reflects the number
of correctly classified target examples, and TN stands for
true negatives and reflects the number of correctly classified
nontarget examples. 𝑃 and 𝑁 represent the total number
of examples of target and nontarget classes, respectively, for
this case. This expression heavily penalizes poor individual
classification in binary classification tasks.

4. P300 Identification: Results and Discussion

Theresults presented next correspond to the average accuracy
obtained for the nine subjects in testing of CNN models.
The highest and lowest accuracy rates are highlighted in bold
and red fonts, respectively. By analyzing the performance
obtained using different pooling strategies in the form of
different fixed pooling strides (presented in the first column
from left to right), it is often observed that some pooling
strategies do not offer relevant differences at first glance.

By analyzing the summarized results for the three trial
intervals, we found no clear tendency for which model and
pool stride offer the highest or lowest accuracies. For instance,
in the 500ms trial interval models (Figure 4), the lowest
accuracy was obtained from the model with patch code 23
and [2 × 2] pool stride, while in both the 400 and 300ms
cases, these results were obtained using the model with patch
code 30 and [2 × 3] pool stride, which is similar to the 500ms
case.

As for the highest accuracy results, there are some
similarities in the 400 and 300ms trial intervals (Figures 5
and 6, resp.). In these cases, the implemented models used

00 01 02 03 04 10 11 12 13 14
0.861 0.856 0.861 0.858 0.856 0.859 0.856 0.861 0.860 0.857
0.861 0.859 0.861 0.860 0.859 0.861 0.858 0.861 0.860 0.859
0.861 0.856 0.837 0.857 0.858 0.859 0.857 0.859 0.860 0.857
0.861 0.858 0.861 0.857 0.858 0.858 0.855 0.861 0.860 0.857
0.858 0.857 0.861 0.856 0.856 0.858 0.858 0.858 0.858 0.857
0.859 0.855 0.862 0.861 0.858 0.859 0.853 0.860 0.861 0.856

20 21 22 23 24 30 31 32 33 34
0.861 0.857 0.862 0.859 0.856 0.860 0.856 0.860 0.860 0.858
0.860 0.858 0.862 0.861 0.859 0.861 0.855 0.861 0.861 0.859
0.861 0.855 0.861 0.837 0.856 0.860 0.859 0.860 0.860 0.857
0.859 0.859 0.863 0.859 0.860 0.859 0.858 0.858 0.860 0.860
0.858 0.857 0.838 0.839 0.856 0.833 0.857 0.859 0.858 0.857
0.859 0.854 0.862 0.858 0.857 0.858 0.853 0.862 0.858 0.855

40 41 42 43 44 50 51 52 53 54
0.862 0.856 0.863 0.859 0.859 0.856 0.853 0.861 0.860 0.858
0.862 0.855 0.863 0.863 0.861 0.859 0.856 0.863 0.860 0.858
0.862 0.858 0.861 0.860 0.859 0.856 0.858 0.859 0.834 0.857
0.859 0.857 0.860 0.859 0.859 0.857 0.859 0.860 0.860 0.857
0.859 0.857 0.860 0.859 0.859 0.856 0.855 0.858 0.835 0.858
0.857 0.856 0.860 0.862 0.857 0.857 0.854 0.860 0.859 0.857

D

1 × 1

2 × 3

1 × 3

2 × 2

1 × 2

D

1 × 1

2 × 3

1 × 3

2 × 2

1 × 2
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2 × 3

1 × 3

2 × 2

1 × 2

Figure 5: Summary of results from nine subjects in the 400ms trial
interval.

00 01 02 03 04 10 11 12 13 14
0.848 0.847 0.851 0.850 0.849 0.847 0.845 0.850 0.850 0.848
0.848 0.849 0.851 0.851 0.849 0.849 0.849 0.850 0.850 0.849
0.848 0.848 0.835 0.848 0.849 0.847 0.847 0.851 0.850 0.846
0.849 0.848 0.852 0.850 0.849 0.848 0.846 0.851 0.850 0.848
0.850 0.847 0.850 0.850 0.849 0.849 0.848 0.848 0.848 0.848
0.848 0.848 0.851 0.850 0.849 0.847 0.847 0.849 0.850 0.849

20 21 22 23 24 30 31 32 33 34
0.848 0.846 0.851 0.849 0.847 0.850 0.844 0.850 0.850 0.845
0.849 0.849 0.851 0.848 0.849 0.850 0.847 0.850 0.850 0.848
0.848 0.847 0.851 0.833 0.849 0.850 0.848 0.850 0.848 0.847
0.849 0.847 0.851 0.849 0.849 0.848 0.848 0.849 0.850 0.847
0.849 0.846 0.835 0.836 0.847 0.832 0.846 0.848 0.847 0.845
0.848 0.847 0.849 0.848 0.849 0.850 0.848 0.850 0.850 0.848

40 41 42 43 44 50 51 52 53 54
0.849 0.846 0.848 0.850 0.848 0.847 0.844 0.848 0.850 0.845
0.849 0.848 0.848 0.848 0.848 0.851 0.845 0.848 0.848 0.845
0.848 0.847 0.847 0.850 0.848 0.847 0.845 0.846 0.833 0.846
0.849 0.848 0.851 0.850 0.850 0.846 0.846 0.849 0.850 0.848
0.847 0.848 0.850 0.848 0.848 0.847 0.845 0.847 0.834 0.845
0.849 0.846 0.850 0.849 0.848 0.846 0.843 0.851 0.846 0.847

D

1 × 1

2 × 3

1 × 3

2 × 2

1 × 2

D

1 × 1

2 × 3

1 × 3

2 × 2

1 × 2
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2 × 3
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Figure 6: Summary of results from nine subjects in the 300ms trial
interval.

pool patch (2) under the [1 × 3] or [1 × 2] pooling strides,
which prevent the models from overlapping and are very
similar one to each other. For the 500ms case, pooling stride
was also [1 × 2], the same as in the 400ms trial interval, while
the pool patch was different. If we look back at Table 1, we
can see that these convolution patches are quite different from
each other.

By analyzing Figure 8, it can be noted that even if the
results do not vary strongly one from another, there is a
clear pattern of improved performance using data from the
500ms trial length, followed by the 400 and 300ms ones.This
behavior is expected, as faster production of stimuli can cause
subjects to fail to identify stimuli coming from the target
direction and therefore incorrectly produce the P300 wave.
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Table 2: Summary of the highest, lowest, and average accuracies
obtained for the CNNmodels using the 3D input.

Highest Lowest Average
500ms 0.865 0.836 0.86
400ms 0.863 0.833 0.858
300ms 0.852 0.832 0.848

By summarizing the results in this way, we also observed that
the [1 × 2] pooling stride offers the best results, at least in the
500 and 400ms trial length, while the [1 × 3] pool stride is
optimal on the 300ms trial length.

On the other hand, the [2 × 3] pool stride produces
the lowest results, without being detrimental. Differences
between the highest and lowest pool strides rely on howmuch
overlapping the strides provide. While the [2 × 3] pooling
stride prevents some pool patches from overlapping at all or
even skipping some areas of the input, the [1 × 3] pooling
stride forces most pool patches to overlap. In the study by
[13], no differences were reported between performance for
approaches with or without overlapping, contrary to the
report by [9], where better CNN model performance was
achieved using overlapping pool strategies. In our case, we
found little to no change between different pooling strategies
tested. In the above cited research, it ismentioned that success
in applying pooling strategies might depend completely on
the nature, shape, and conditions of the used data.

In Table 2, the average values considering all models for
each of the three trial lengths are presented next to their
corresponding lowest and highest values.

By comparing these numbers, apparently there are no
big differences between trial lengths and their highest/lowest
values. We believe this lack of variation between the many
tested models is the result of the implementation of the
3D input, which, regardless of the speed of the stimuli
presentation used in this study, can present the necessary
information for correct classification. To support this idea,
we tested 4 additional CNN models using the commonly 2D
input approach with convolution patches [1 × 4] and [3 × 3].
As for the pool patches, we also tested two, with sizes [1 × 2]
and [2 × 2], both with a default pooling stride as our results
so far indicate the pooling strategies do not offer significant
CNN performance differences. The patches were chosen as
they are the same as those used by the CNN models with
the best results using the 3D input. Besides the input shape
and the convolution and pool patches, the parameters of the
CNN models using the 2D input do not differ from the ones
presented so far in Section 3.2. The results from the models
using the 2D input can be seen in Table 3.

In the case of the results for the models using the 2D
input, the difference betweenmodels and trial lengths ismore
easily noticed. While in the results involving the 3D input
the difference of the overall highest and lowest accuracy is of
about 3%; in the case of the 2D input results, the difference is
around 10%. Also, we can see that the convolution and pool
patches that consider information from only one channel at a
time offer better results than those inwhich information from
multiple channels is considered.

Table 3: Proposed convolution and pool patches for the CNN
models in which a 2D input was implemented. CP and PP stand for
convolution patch and pool patch, respectively.

CP PP Accuracy
500ms 400ms 300ms

[1 × 4] [1 × 2] 0.781 0.768 0.734
[2 × 2] 0.753 0.716 0.727

[3 × 3] [1 × 2] 0.766 0.725 0.732
[2 × 2] 0.724 0.707 0.698

Average 0.756 0.729 0.722

Table 4: Results for each subject in those models with the highest
accuracy for each trial length considering the CNN models with
both the 3D and 2D input approach. The subject’s number appears
on the first column to the left.

500ms 400ms 300ms
3D 2D 3D 2D 3D 2D

(1) 0.880 0.72 0.877 0.736 0.859 0.685
(2) 0.873 0.823 0.866 0.78 0.878 0.744
(3) 0.896 0.774 0.908 0.794 0.859 0.774
(4) 0.828 0.812 0.83 0.766 0.831 0.785
(5) 0.864 0.78 0.851 0.792 0.826 0.697
(6) 0.828 0.808 0.828 0.763 0.825 0.685
(7) 0.881 0.788 0.858 0.752 0.886 0.796
(8) 0.879 0.792 0.904 0.77 0.847 0.721
(9) 0.863 0.736 0.847 0.76 0.853 0.722

In Table 4 the individual results for each subject consider-
ing the models with the highest accuracy for each trial length
using both 3D and 2D approaches are shown. The models
with highest accuracy are those presented with bold font in
Figures 4–6 and Table 3.

The results obtained show individual performance pat-
terns appearing in both approaches in a similar way. For
a given trial length, the subject with the highest individual
accuracy is the same regardless of the approach (3D or 2D).
Although in some cases the accuracy difference between both
approaches for a single subject is minimal, all the results from
the CNNmodels using 3D input offered better accuracies.

Besides the difference in the obtained accuracies, the
train/test of the 3D input models was also faster than that of
the models using the 2D input. The average time of the 3D
input models for training/testing a single subject was around
8minutes, while for the case of themodels using the 2D input,
around 18 minutes were necessary.

4.1. Statistical Analysis. Given that the results obtained so
far do not show big differences of the performance of the
CNN models whether we consider the models themselves or
the trial length in which they were tested, we conducted an
analysis of variance (ANOVA) to further examine the results.

First, we checked if applying the different tested models
(variation of convolution and pool patch sizes) had a signif-
icant impact on the performance of the CNN models. The
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Table 5: Results for the ANOVA between the 30 tested models. The
critical 𝐹 value is 1.54.

𝐹 𝑝 Significant differences
500ms 1.29 0.159 No
400ms 1.44 0.08 No
300ms 1.55 0.047 Yes

Table 6: Results for the ANOVA between the 6 implemented pool
strides. The critical 𝐹 value is 2.26.

𝐹 𝑝 Significant differences
500ms 4.21 0.001 Yes
400ms 4.72 0.0004 Yes
300ms 5.015 0.0002 Yes

results are shown in Table 5 for the three trial lengths that
were considered for this study.

We found that, for the models using examples from
the 500 and 400ms trial lengths, there were no significant
differences, but there were ones for the case of the 300ms
trial length. As the trial length becomes shorter, it becomes
harder for users to correctly identify the sound coming from
the target direction and in this case the differences between
models become clearer.

Next, we present the results for the ANOVA between the
tested pool strides in Table 6. In this case, there are significant
differences among the implemented pool strides regardless
of the trial length. We proposed applying several pooling
strides to explore whether by causing or avoiding overlapping
during the pooling process the performance of the models
improved. In Figure 5 we have the average accuracy for all
the models under each pool stride displayed, but the small
differences between the results made it difficult to state if
they were different enough to make an assessment. Now, the
results in Table 6 show that varying the pooling stride to cause
overlapping or avoid it significantly impacts the performance
of the tested CNNmodels.

4.2. Comparison with Previous Work and Other Classifiers.
The current results show an improvement of around 15%
over the work of [10], from where the experimental setup
for this research was borrowed (see Figure 7). The EEG
data was obtained also in a similar fashion, enabling the
current comparison. Also, this study shares some similarities
with that done by [14] which is why we also include it in
the comparison. In most cases, it is difficult to make an
appropriate comparison due to the differences in the nature of
the experiments, subjects, and technologies used and for such
reasons, the comparison is only demonstrative. All the results
used for comparison in Figure 7 are the ones corresponding to
the single trial (also noted as nonaveraged) case. The highest
results obtained for the implementation of the 2D input are
also included.

We now compare the results from the models using the
proposed 3D input with those obtained by using support
vector machines (SVM) and Fisher’s discriminant analysis
(FDA). We chose to use these two classifiers as they are

0.835

0.840

0.845

0.850

0.855

0.860

0.865

300ＧＭ

400ＧＭ

500ＧＭ

1 × 2 2 × 2 1 × 3 2 × 3 1 × 1D

Figure 7: Averaged accuracy rate by pooling stride for three
proposed trial intervals.
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Figure 8: Average accuracy rate for the single trial case. Conditions
of experiment and subjects might differ between the studies.

Table 7: Comparison between the highest accuracies obtained using
the proposed 3D input for CNN models, a SVM, and a FDA.

CNN 3D SVM FDA
500ms 0.865 0.709 0.745
400ms 0.863 0.711 0.731
300ms 0.852 0.691 0.707

common in this context and the SVMwas used in [10]. Table 7
shows the results for comparison of the highest accuracies
obtained in the different trial lengths. Details about the SVM
and FDA can be found in the appendix.

Both the FDA and the SVM offer accuracies below those
from the model using the proposed input.

5. Final Comments and Future Work

Through this research we found that it is possible to imple-
ment a 3D input shape using EEG data with success for
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different CNNmodels that exhibit different pooling strategies
based on proposed fixed pooling strides that might cause
the models to overlap during the pooling process or avoid
it. We hypothesize that using this approach might yield
better results compared to the most common approaches
which use 2D mapped version of the data. The basis of such
thinking lies in the nature of the convolution and pooling
processes, which highly depend on the relation between a
data point and its surroundings. This lack of variation might
point to a better representation of the information given
by the proposed 3D input. Also, we found that, for the
current study, causing overlapping with fixed pooling stride
significantly impacts the performance of the tested CNN
models.

The obtained results showed improvement over others
seen in similar studies using nonaveraged data. Also, when
compared to other classifiers commonly used in this context,
the CNNmodels using the proposed input performed better.

While we believe this was a successful application of a
novel input structure, we consider that such construction
will perform particularly well when the nature of the data is
such that mapping it to simpler representations comes with
information loss. For other BCI approaches as well as for
other kinds of brain activity readings, this approachmight not
be the best fit and its application might require a case by case
analysis.

With the proposed 3D input we were able to find also
a faster way to train/test, as this approach showed taking
less time for such tasks than the models using a 2D input.
We expect to keep using this input representation to test its
limitations and possible new applications in future studies.

Appendix

SVM. Analysis was performed using LIBSVM software [15]
and implemented in MATLAB (Mathworks, Natick, USA).
We used a weighted linear SVM [16] to compensate for
imbalance in the target and nontarget examples. Thus, we
used a penalty parameter of C+ for the target and C− for
the nontarget examples. The penalty parameter for each class
was searched in the range of 10−6 to 10−1 (10−6 ≤ 10𝑚 ≤
10−1; m: −6 : 0.5 :−1) within the training. We determined
the best parameters as those obtaining the highest accuracy
using 10-fold cross-validation for the training. Using the best
penalty parameters, we constructed the SVM classifier using
all training data and applied it to the test data.

FDA.Weused a variant of the regularized Fisher discriminant
analysis (FDA) as the classification algorithm [14]. In this
algorithm, a regularized parameter for FDA is searched for
by particle swarm optimization (for details, see [14]) within
the training. In this study, we used all EEG channels without
selection.
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Cat Swarm Optimization (CSO) algorithm was put forward in 2006. Despite a faster convergence speed compared with Particle
Swarm Optimization (PSO) algorithm, the application of CSO is greatly limited by the drawback of “premature convergence,” that
is, the possibility of trapping in local optimum when dealing with nonlinear optimization problem with a large number of local
extreme values. In order to surmount the shortcomings of CSO, Chaos Quantum-behaved Cat Swarm Optimization (CQCSO)
algorithm is proposed in this paper. Firstly, Quantum-behaved Cat SwarmOptimization (QCSO) algorithm improves the accuracy
of the CSO algorithm, because it is easy to fall into the local optimum in the later stage. Chaos Quantum-behaved Cat Swarm
Optimization (CQCSO) algorithm is proposed by introducing tent map for jumping out of local optimum in this paper. Secondly,
CQCSO has been applied in the simulation of five different test functions, showing higher accuracy and less time consumption
than CSO and QCSO. Finally, photovoltaic MPPT model and experimental platform are established and global maximum power
point tracking control strategy is achieved by CQCSO algorithm, the effectiveness and efficiency of which have been verified by
both simulation and experiment.

1. Introduction

Solar energy is widely used due to the advantages of
renewable and nonpolluting. Global maximum power point
tracking (GMPPT) is one of the basic means to improve the
overall efficiency of photovoltaic power generation system.
However, the traditional maximum power point tracking
(MPPT) algorithm is often ineffective because of the output
power curve with multipeak problem in complex shade
conditions. The problem results in efficiency reducing of
photovoltaic power generation [1, 2]. Many scholars have
carried out massive researches to solve these questions.
Many optimization algorithms are used to realize global
maximumpower point tracking and achieve good results, like
Particle Swarm Optimization (PSO) algorithm, evolutionary
algorithm, fuzzy logic control algorithm, neural network
control algorithm, chaos search algorithm, and so on [2–9].

The Cat Swarm Optimization (CSO) algorithm was pro-
posed by Chu et al. in 2006 [10]. The experimental results

showed that the CSO algorithm could find the global optimal
solution in a short time, and the CSO algorithm is better than
the PSO algorithm in the convergence speed and nonlinear
optimization of the local extremum [11–18]. However, the
CSO algorithm has the shortcoming of “premature conver-
gence” in the practical application. If the number of iteration
is increased continuously, it will cause the convergence
time to multiply while the accuracy of the optimal value is
not significantly improved. The same problems also occur
in the PSO algorithm. A novel chaotic quantum-behaved
PSO algorithm is proposed for solving nonlinear system of
equations in [19]. Different chaotic maps are introduced to
enhance the effectiveness and robustness of the algorithm.
The comparison of results reveals that the proposed algo-
rithm can cope with the highly nonlinear problems and
outperform other algorithms.TheHybrid Chaotic Quantum-
behaved Particle SwarmOptimization (HCQPSO) algorithm
is used for thermal design of plate fin heat exchangers
in [20]. The HCPQSO algorithm successfully combines a
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variant of Quantum-behaved Particle Swarm Optimization
with efficient local search mechanisms to yield better results
in terms of solution accuracy and convergence rate. It
is also observed that the proposed algorithm successfully
converges to optimum configuration with a higher accuracy.
A chaotic improved Particle Swarm Optimization algorithm
is proposed for photovoltaic MPPT in [21]. An improved
cuckoo search (ICS) algorithm is proposed to establish the
parameters of chaotic systems in [22]. The numerical results
demonstrate that the algorithm can estimate parameters with
high accuracy and reliability. An evolutionary approach of
parking space guidance is proposed based upon a novel
Chaotic Particle Swarm Optimization (CPSO) algorithm
in [23]. The Chaotic Firefly algorithm using tent maps is
proposed for optimally coordinating the relays in [24]. Chaos
theory has been incorporated to prevent the search process
frombeing trapped in localminima bymodifying the concept
of random movement factor variable.

In this paper, a Chaos Quantum-behaved Cat Swarm
Optimization (CQCSO) algorithm is proposed. The cat with
the quantum behavior has no definite trajectory in tracking
and has the possibility of getting rid of the local optimal point
with large disturbance. Since there is only position vector
in the control parameter, with no velocity vector, and the
convergence time is shortened, then, the tent chaotic map
is introduced to change the cat position information in the
iteration process, the “premature convergence” problem of
the CSO algorithm is avoided, and the precision of searching
is further improved. In Section 2, the CQCSO algorithm is
tested in five nonlinear function curves with multiple local
extreme points. The results show that the proposed CQCSO
algorithm has high tracking precision and fast convergence
speed. Moreover, the proposed CQCSO algorithm has the
ability to adapt to complex and different curves. In Section 3,
the proposed CQCSO algorithm is applied to PV MPPT
control, and a multipeak MPPT control strategy based on
CQCSO algorithm is proposed. The simulation and experi-
mental results show that the proposed control strategy more
efficiently tracks the global maximum power points.

2. Chaos Quantum-Behaved Cat Swarm
Optimization (CQCSO) Algorithm

2.1. QCSO Algorithm. TheCSO algorithm is a kind of swarm
intelligence algorithms based on the cat’s living habits and
foraging. It is superior to the PSO in searching accuracy
and convergence time [12–19]. It is widely used to solve
the optimization problem. In the CSO algorithm, the cat’s
position is regarded as a feasible solution to the optimization
problem, and then the cat swarms are divided into two groups
according to the mixture ratio (MR), which are the searching
cat group and the tracking cat group. The searching cat
group refers to the genetic algorithm to complete the cat’s
location update. The cats with the highest fitness value are
selected to replace the current cat position by copying and
mutating individuals. The tracking cat groups are similar
to the PSO algorithm and use the cat’s own speed and
the current position information to update the position
of the cat continuously, so that each individual can move

closer to the global optimal solution. Although the search
of the global optimal solution can be realized, there exists
shortcoming of “premature convergence” problem like other
swarm intelligent algorithms.

Quantum-behaved Cat Swarm Optimization (QCSO)
algorithm is a combination of CSO algorithms and quantum
mechanics. In the evolutionary process, each tracing cat has a𝐵𝑖-centered DELTA potential well, which makes each tracing
cat converge to an attractor 𝐵𝑖. It continuously updates the
location of the cat by tracking individual extremes and global
extremes, so that the cat’s speed and location are uncertain.
So, it can be distributed in a certain probability to search
space at any position. It is possible to get rid of the local
optimal points in disturbing environment. As a result, the
QCSO algorithm can jump out of the local optimum and
improve the accuracy of CSO algorithm.

The updated expression of individual position in quan-
tum space is

𝑋𝑘+1𝑖 = 𝐵𝑘𝑖 + 𝑏𝑎𝑘 𝐶𝑘 − 𝑋𝑘𝑖  ln (𝑟−11 ) , (1)

where

𝐵𝑘𝑖 = 𝑟2𝐷𝑘𝑖 + (1 − 𝑟2) 𝐺𝑘,

𝑏 = {{{
−1, (𝑟3 ≤ 0.5)
1, (𝑟3 > 0.5) ,

𝑎𝑘 = 𝑎1 − (𝑎1 − 𝑎2) 𝑘
𝑘 ,

(𝐶𝑘1 , 𝐶𝑘2 , . . . , 𝐶𝑘𝑑) = 1𝑚 ( 𝑚∑
𝑖=1

𝐷𝑘𝑖1,
𝑚∑
𝑖=1

𝐷𝑘𝑖2, . . . ,
𝑚∑
𝑖=1

𝐷𝑘𝑖𝑑) ,

(2)

where 𝑚 is population size, 𝑖 = 1, 2, . . . , 𝑚, 𝑑 is dimension,𝑘 is maximum number of iterations, 𝑘 = 1, 2, . . . , 𝑘, 𝑘 is
maximum number of traces, 𝑘 = 1, 2, . . . , 𝑘, 𝐶𝑘 is the cat
group optimal position center of the 𝑘th iteration, 𝑋𝑘𝑖 is the
optimal position of the 𝑖th cat for the 𝑘th iteration, 𝐷𝑘𝑖 is
the optimal position of the 𝑖th cat for the 𝑘th iteration, 𝐺𝑘
is the global optimal position of the population at the 𝑘th
iteration, 𝑎𝑘 is the 𝑘th iteration expansion contraction factor,𝑎1, 𝑎2 are the initial compression factor and the termination
value, respectively, 𝑎1 = 1.0, 𝑎2 = 0.5, and 𝑟1, 𝑟2, 𝑟3 are random
numbers with uniform distribution in the [0, 1] interval.
2.2. CQCSO Algorithm. The QCSO algorithm improves the
accuracy of the CSO algorithm, because the cat in the
evolutionary process continues to move closer to the optimal
position of the population, the diversity of the population
gradually decreases, and it is easy to fall into the local
optimum in the later stage. Chaos Quantum-behaved Cat
Swarm Optimization (CQCSO) algorithm is proposed by
introducing tent map for jumping out of local optimum in
this paper.
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The individual location update expression of tent map is
as follows:

𝑥𝑘+1𝑖 = {{{
2𝑥𝑘𝑖 , 0 ≤ 𝑥𝑘𝑖 ≤ 0.5
2 (1 − 𝑥𝑘𝑖 ) , 0.5 < 𝑥𝑘𝑖 ≤ 1, (3)

where 𝑥𝑘𝑖 ∈ [0 1], 𝑖 = 1, 2, . . . , 𝑚, 𝑘 = 1, 2, . . . , 𝑘. 𝑥𝑘𝑖 ∈ [0 1]
can be mutually mapped transformation with the chaotic
variables 𝑌𝑘𝑖 ∈ [𝑎 𝑏] through

𝑥𝑘𝑖 = (𝑌𝑘𝑖 − 𝑎)(𝑏 − 𝑎) , (4)

𝑌𝑘𝑖 = 𝑎 + 𝑥𝑘𝑖 (𝑏 − 𝑎) . (5)

Detailed CQCSO algorithm steps are as follows.

Step 1. Initialize the cat swarm, set the population size𝑚, the
maximum iteration number 𝑘, and the mixture ratio (MR)
of the cat optimization algorithm, and randomly initialize
position of the cat population between [𝑎 𝑏]; it is expressed
with the row vector 𝑌.
Step 2. The fitness value of all cats in the population was
calculated, and the cat with the greatest fitness was selected
and recorded.

Step 3. According toMR, cats swarms are randomly grouped.
MR represents the proportion of the number of cats in the
tracking group in the entire cat population. MR is generally a
smaller value to ensure that most of the cats in the swarm are
in search mode and a few cats are in tracking mode.

Step 4. When the cat is in the search group, it replicates its
position according to the size of seekingmemory pool (SMP),
executes the selection operator, updates SMP, and replaces the
position of the current cat with the candidate point with the
highest fitness value. In the end, the optimal value updating is
completed.The cat of tracking group updates its own position
information according to formula (1).

Step 5. Thecat with the best fitness is recorded in the reserved
populations.

Step 6. It is judged whether the termination condition is
satisfied, and if so, the program ends and the optimal solution
is output. If it is not satisfied, it is judged whether the position
of the global optimal cat is the same after the 𝑘th and 𝑘 − 1
iterations, and if not, Steps 3–6 are repeated. If it is the same,
it means that it has fallen into local optimum and needs to
deal with chaos. The mapping of the normal variable 𝑌𝑘𝑖 is
performed by using formula (4).The chaotic variables𝑥𝑘𝑖 after
mapping are in the range [0 1]. Chaos variable 𝑥𝑘𝑖 is mapped
to get 𝑥𝑘+1𝑖 using formula (3). And then through formula
(5), chaos variable 𝑥𝑘+1𝑖 mapping transformation, the next
iteration of the conventional variables 𝑌𝑘+1𝑖 is obtained. Steps
2–6 are repeated to optimize iteration.

2.3. Verification for CQCSO Algorithm. In order to verify
the superiority of the CQCSO algorithm, five kinds of
nonlinear functionswithmultiple local extremumpeaks such
as Schaffer, Shubert, Griewank, Rastrigrin, and Rosenbrock
are compared for seeking optimization. In simulation, the
total number of cat groups is set to 20; each function program
runs 50 times.

(1) Schaffer Function

min𝑓 (𝑥1, 𝑥2) = 0.5 + (sin√𝑥21 + 𝑥22)2 − 0.5
(1 + 0.001 (𝑥21 + 𝑥22))2 ,

(6)

where 𝑥1, 𝑥2 ∈ [−10, 10]; Schaffer function is a two-dimen-
sional complex function with numerous small points. The
minimum value 0 is obtained at (0, 0). Because this function
has strong concussion, it is hard to find the global optimal
value.The seeking optimization result is obtained and shown
in Figure 1(a).

(2) Shubert Function

min𝑓 (𝑥, 𝑦) = { 5∑
𝑖=1

𝑖 cos [(𝑖 + 1) 𝑥 + 𝑖]}

× { 5∑
𝑖=1

𝑖 cos [(𝑖 + 1) 𝑦 + 𝑖]} ,
(7)

where 𝑥, 𝑦 ∈ [−10, 10]; Shubert function is a two-
dimensional complex function with 760 local extrema
points. The global minimum value −186.7309 is obtained
at (−1.42513, 0.80032). The seeking optimization result is
obtained and shown in Figure 1(b).

(3) Griewank Function

min𝑓 (𝑥𝑖) = 𝐷∑
𝑖=1

𝑥2𝑖4000 −
𝐷∏
𝑖=1

cos( 𝑥𝑖√𝑖) + 1, (8)

where 𝑥𝑖 ∈ [−600, 600]; Griewank function has many local
minimums whose numbers are related to the dimension.
The global minimum value 0 is obtained at (𝑥1, 𝑥2, . . . , 𝑥𝑛)
= (0, 0, . . . , 0). Griewank function is a typical nonlinear
multimodal function. It is usually considered to be a com-
plex multimodal problem that is difficult to handle by the
optimization algorithm. The function dimension 𝐷 is set to
3. The seeking optimization result is obtained and shown in
Figure 1(c).

(4) Rastrigrin Function

min𝑓 (𝑥𝑖) = 𝐷∑
𝑖=1

[𝑥2𝑖 − 10 cos (2𝜋𝑥𝑖) + 10] , (9)

where 𝑥𝑖 ∈ [−5.12, 5.12]; Rastrigrin function is a multimodal
function with about 10D local minima. The global minimum
value 0 is obtained at (𝑥1, 𝑥2, . . . , 𝑥𝑛) = (0, 0, . . . , 0). Since its
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Figure 1: Seeking optimization results of five function.
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Table 1: Function simulation data.

Algorithm CSO QCSO CQCSO

Schaffer
TIME/s 0.0193 0.0161 0.0156
BEST 0.0171 0.0147 0.0095
STD 0.0137 0.0098 0.0017

Shubert
TIME/s 0.2077 0.1776 0.1756
BEST −154.4 −166.2 −182.2
STD 46.350 28.700 4.721

Griewank
TIME/s 0.0317 0.0254 0.0242
BEST 18.040 5.729 2.987
STD 8.6060 4.2070 1.5040

Rastrigrin
TIME/s 0.7721 0.6363 0.6343
BEST 1.3750 0.7618 0.2455
STD 1.2450 0.5724 0.2701

Rosenbrock
TIME/s 0.0393 0.0338 0.0331
BEST 26.450 16.710 12.620
STD 33.250 15.480 6.048

peak shape appears to fluctuate undulatingly, it is difficult to
find the global optimal value.The function dimension𝐷 is set
to 3. The seeking optimization result is obtained and shown
in Figure 1(d).

(5) Rosenbrock Function

min𝑓 (𝑥𝑖) = 𝐷−1∑
𝑖=1

[100 (𝑥2𝑖 − 𝑥𝑖+1)2 + (𝑥𝑖 − 1)2] , (10)

where 𝑥𝑖 ∈ [−2.048, 2.048]; the global optimal point of
Rosenbrock function is located in a smooth, narrowparabolic
valley. It is difficult to distinguish the search direction.
The minimum value 0 is obtained at (𝑥1, 𝑥2, . . . , 𝑥𝑛) =(1, 1, . . . , 1).The function dimension𝐷 is set to 4.The seeking
optimization result is obtained and shown in Figure 1(e).

The seeking optimization of five functions is simulated 50
times.The simulation results are summed up in Table 1, where
TIME is the average convergence time, BEST is the average
optimum value, and STD is standard deviation of the optimal
values in Figures 1(a)–1(e).

The Shubert function is used as an example. From Fig-
ure 1(b) and Table 1, the optimal value error obtained by CSO,
QCSO, and CQCSO algorithm is 17.31%, 10.99%, and 2.43%,
respectively, compared with the true value −186.7309. the
precision of CQCSO algorithm is highest. In the convergence
time, the QCSO algorithm shortens 0.0301 seconds com-
pared with the CSO algorithm; then the CQCSO algorithm
shortens 0.002 seconds compared with the QCSO algorithm.
Therefore, simulation results show that the CQCSO algo-
rithm can not only effectively solve the “premature con-
vergence” problem of the CSO algorithm, but also improve
the optimal solution accuracy and shorten the convergence
time.

3. CQCSO Algorithm Application in PV MPPT

3.1. MPPT Flowchart Based on CQCSO Algorithm. The P-
V characteristic curve function for photovoltaic cell can be
gotten as follows [2–9]:

𝑃𝐿 = 𝑉𝐿 × 𝐼sc × [1 − 𝐶1 exp( 𝑉𝐿𝐶2 × 𝑉oc)] , (11)

where 𝐼sc,𝑉oc,𝐶1, and𝐶2 are the manufacturer-given param-
eters of photovoltaic cells.The output powers𝑃𝐿 change while
output voltages 𝑉𝐿 are adjusted. In this paper, the output
voltages 𝑉𝐿 are proportional to the duty cycles which are
output by controller.

The P-V characteristic curve’s fitness function (12) for
photovoltaic array can be gotten from (11).

𝑃array = 𝑁𝑠 × 𝑁𝑝 × 𝑃𝐿, (12)

where 𝑁𝑠 are the numbers of photovoltaic cell in series and𝑁𝑝 are the numbers of parallel photovoltaic cell strings.
While the cells in array are partially shaded, the photo-

voltaic array’s P-V characteristic curve can be gotten as shown
in Figure 2.The P-V curve shows themultipeak characteristic
with measurement interference. It is one nonlinear function
seeking optimization with multiple local extreme points. In
order to track themaximumpower point better, the recursive
least squares method is used to previously filter in real
time the P-V characteristic curve under the local shading
condition before searching optimization.

PV MPPT control strategy flowchart based on CQCSO
algorithm is shown in Figure 3. The position of each cat𝑋𝑖 is
defined as the array output voltage value 𝑈𝑖, and the fitness
value is the array output power value.

3.2. Simulation Results. In this paper, the MPPT control
system is consisting of PV array, Boost circuit, and MPPT
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Figure 2: P-V characteristics of PV array under complex application environments.

Table 2: Parameters of PV modules.

Maximum
power value

10 W±3% Pressure value
of system 1000 VDC

Maximum
power voltage 17.5 V Maximum

power current 0.57A

Open circuit
voltage 21.6 V Short circuit

current 0.62A

controller. PV array is composed of 3 × 4 PV cells. The array
structure is shown in Figure 4(a). The detailed parameters
of PV modules are given in Table 2. In Figure 4(a), the
light irradiation of 1C and 1D PV cell is 700W/m2, the light
irradiation of the 2DPV cell is 100W/m2, the light irradiation
of the rest of the PV cells is 1000W/m2, and the reference
temperature of all PV cells is 25∘C. The Boost circuits for
MPPT are shown as Figure 4(b).

The total number of cat groups is set to 20.Themaximum
number of iterations is 100. The PV global maximum power
point tracking P-N (maximum power value power-number
of iterations) curve and the STD-N (standard deviation-
number of iterations) curve are obtained as shown in Figure 5.
The simulation results show that the CQCSO algorithm can
be applied to the maximum power point tracking of PV
multipeak curve, and the global maximum power point is the
best among the three algorithms (CSO, QCSO, and CQCSO).

Tent chaos is introduced into PSO algorithm to obtain
CPSO algorithm [21]. CPSO algorithm is applied to maxi-
mum power point tracking in solar photovoltaic system. We
compare the performances of the CSO, QCSO, CQCSO, PSO,
and CPSO algorithms as shown in Table 3. The total number
of cat groups is set to 10. The packet rate MR is 0.2. The
maximumnumber of iterations is 100.Themean convergence
time (Time), power minimum (Min), power maximum
(Max), power mean (Mean), and standard deviation (STD)
of 100 runs are summarized.

From Table 3, it is not difficult to find that CSO algorithm
has an average convergence time of 0.00291 s, the average
value obtained is 87.72W, while the average run time of
the PSO algorithm is 0.00431 s, and the average optimal
value is 87.66W. CSO and PSO algorithm are of premature
convergence, and the convergence time is longer.Thesewould
lead to a significant reduction in the efficiency of photovoltaic
power generation.

CPSO algorithm can effectively solve the PSO algorithm
premature convergence problem, and the convergence time
becomes shorter. The convergence time of QCSO algorithm
is shortened from 0.00291 s to 0.00282 s compared with the
convergence time of CSO algorithm, and the average power
value increased from 87.72W to 87.89W. The CQCSO algo-
rithm presented in this paper is the maximum power average
of 88.02 using the shortest convergence time of 0.00268 s and
the minimum STD value. Therefore, the simulation results
show that the proposedCQCSOalgorithmhas high efficiency
in the photovoltaic MPPT.

3.3. Experiment Results. In order to verify the validity of
the proposed CQCSO algorithm in the MPPT control and
that the CQCSO algorithm is more efficient than QCSO
algorithm and CSO algorithm, the small-scale MPPT control
system based on the K60 microcontroller is built and shown
in Figure 6, which is established in accordance with the
configuration shown in Figure 4.

The MPPT controller adopts MK60-DN512VLL10 chip,
the voltage and current are real-timely sampled byHall sensor
and then are sent to theK60microcontroller, and the datawill
be calculated to get the right duty cycle.The parameters of the
Boost circuit are set as follows: 𝐿 = 4mH, 𝐶2 = 470 uF, 𝑓2 =
30 kHz, and the load is a resistor. The duty cycle is used to
control the Boost circuit through K60 computing for switch
tube to adjust the PV array output voltage. The duty cycles
are proportional to the output voltages. The PV powers are
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Table 3: Result of experimental data.

Algorithm CSO QCSO CQCSO PSO CPSO
Time/s 0.00291 0.00282 0.00268 0.00431 0.00402
Min/W 79.02 87.38 87.46 73.21 83.1
Max/W 87.95 87.95 88.06 87.94 87.94
Mean/W 87.72 87.89 88.02 86.91 87.66
STD 1.036 0.08009 0.07054 3.03 0.7371
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Initialize all the cats

The cats were grouped
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Determine whether the
cat is in the search group

Track group

No

The fitness value is calculated and
the optimal solution is preserved

Whether the end
condition is satisfied

Output the
optimal solution,
the end

Yes

Search group

Yes

Measure the array
voltage U, current I

Tent chaotic
system to
update the
location of
the cat

No

Whether the
algorithm is in local
optimum

Yes

No

Figure 3: PV MPPT flowchart based on CQCSO algorithm.

changed as the output voltages are adjusted. A large number
of experiments show that the duty cycle of the maximum
power point is in the range of 15% to 85%.

Experimental data is shown in Figure 7.The experimental
time is from 6:00 to 18:00, the PV data of power, voltage, and
current were scanned and sampled in 1-minute intervals, and

360 static data curves over time were obtained. The time-
voltage-power 3D curve is shown in Figure 7(a). The time-
power dynamic curve is shown in Figure 7(b).

The parameters of the CSO, QCSO, and CQCSO algo-
rithm are as follows: the total number of cats is 10, the
mixture ratio (MR) is 0.2, the size of seeking memory pool
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Figure 5: PV MPPT simulation curve.

(SMP) in the search group is 3, and the number of tracking
loops in the tracking group is 3. Three kinds of algorithms
are used to track the 360 data curves, and 360 dynamic
maximum power points with time change are obtained as
shown in Figure 8. It can be seen that the three algorithms
can be very good in tracking the maximum power point in
accordancewith the environment changes. Between 13:00 and
14:00 on the test day, due to the shelter of the clouds, light
radiation decreased and the maximum power values tracked

were reduced. Comparing Figures 8(a), 8(b), and 8(c), we find
that theQCSO algorithm is the best, the CQCSO algorithm is
the second best, and the problem of “premature convergence”
in CSO algorithm is serious.

In Figure 8, the P-V curves are single-peak state under
uniform illumination, while the previous simulation and
function tests are performed in the multipeak state. There-
fore, we simulate complex conditions for the PV system by
artificially shading the PV cells.The parameters of the QCSO
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Figure 7: Experimental data.

and CQCSO algorithms are consistent with Figure 8. The
experimental test time is 5 minutes. The result is shown in
Figure 9.

The experiment results show that the QCSO algorithm
has obvious advantages over the CSO algorithm both in the
case of a single peak and in the case of multiple peaks.
The CQCSO algorithm solves the problem of “premature
convergence” in CSO algorithm, but if the PV array is in
the uniform illumination condition, the P-V curve shows
a single-peak state. If the chaos is introduced at this time,
although the complexity of the algorithm is increasing, the
tracking accuracy is not improved. The QCSO algorithm
appears to be better than the CQCSO algorithm, as shown in
Figure 8. However, the P-V curve is in amultipeak state; it can
be seen from Figure 9 which average maximum power value
of the CQCSO algorithm is better than the QCSO algorithm
in 5 minutes. Therefore, it is concluded that the CQCSO
algorithm is more accurate than the QCSO algorithm in the
complex case; that is, the QCSO algorithm improved by the
tent map has more advantages in solving the multiextremum
problem.

4. Conclusion

In multilocal extremum optimization, the traditional Cat
Swarm Optimization (CSO) algorithm has problems such
as “precocity convergence,” slow tracking speed, and poor
tracking accuracy. In this paper, we can get the following
through the simulation and the experiment.

(1) Firstly, the quantum Cat Swarm Optimization
(QCSO) algorithm is proposed. Secondly, Chaos Quantum-
behaved Cat Swarm Optimization (CQCSO) algorithm is
proposed by introducing tent map. Finally, the CQCSO
algorithm is verified by five nonlinear test functions. The
simulation results show that the CQCSO algorithm can jump
out of the local extreme points and improve the tracking
precision and convergence speed.

(2) The CQCSO algorithm is applied to the multipeak
maximum power point tracking for photovoltaic array under
complex conditions. Both the simulation and experiment
results show that the proposed CQCSO algorithm has higher
tracking efficiency than the QCSO, CSO, PSO, and CPSO
algorithm. In the maximum power point tracking system for
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photovoltaic power generation, it is certain that it will obtain
a larger power value in a shorter period of time, to improve
the photovoltaic power generation efficiency.
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Monitoring electricity consumption in the home is an important way to help reduce energy usage. Nonintrusive Load Monitoring
(NILM) is existing technique which helps us monitor electricity consumption effectively and costly. NILM is a promising approach
to obtain estimates of the electrical power consumption of individual appliances from aggregate measurements of voltage and/or
current in the distribution system. Among the previous studies, Hidden Markov Model (HMM) based models have been studied
very much. However, increasing appliances, multistate of appliances, and similar power consumption of appliances are three
big issues in NILM recently. In this paper, we address these problems through providing our contributions as follows. First, we
proposed state-of-the-art energy disaggregation based on Long Short-Term Memory Recurrent Neural Network (LSTM-RNN)
model and additional advanced deep learning. Second, we proposed a novel signature to improve classification performance
of the proposed model in multistate appliance case. We applied the proposed model on two datasets such as UK-DALE and
REDD. Via our experimental results, we have confirmed that our model outperforms the advanced model. Thus, we show that
our combination between advanced deep learning and novel signature can be a robust solution to overcome NILM’s issues and
improve the performance of load identification.

1. Introduction

Demand for energy is growing rapidly worldwide, and the
demand for electric energy is growing even more rapidly [1].
Electric energy demand will be expected to double between
2010 and 2050 [2]. However, as the global population contin-
ues to growglobally and fossil fuels are becoming increasingly
depleted, current electricity production methods are not
sustainable. The International Electrotechnical Commission
(IEC) has stated that the intelligent and economic use of
electricity, as the primary energy source, will be the most
important factor in solving energy problems [3]. As a result,
research is being conducted on ways to efficiently utilize
energy in factories, buildings, and homes.

In the field of factories, researches are being carried
out on Factory Energy Management Systems (FEMS) for
efficient electric energy use. Recently, it has been linked to
the Cyber Physical Systems (CPS) of Industry 4.0, and related
research will be more active in this area [4]. In the field

of buildings, research is underway on Building Energy
Management System (BEMS) to reduce unnecessary energy
consumption [5]. Depending on the external environment,
air conditioners can be appropriately controlled to reduce
the electric energy use. Unnecessary energy use can also be
reduced throughmonitoring. In homes, the smart gridwill be
able to efficiently monitor and manage energy as it becomes
increasingly realistic [6].

One approach to increasing the efficiency of domestic
electricity use is to inspire positive behavioral change in
consumers [7].This can be achieved by analyzing energy use.
Nonintrusive Load Monitoring (NILM) is one alternative to
do so. NILM is a process for analyzing changes in the voltage
and current going into a house and deducing which appli-
ances are being used in the house along with their individual
energy consumption. The initial concept of disaggregating
residential power load information was proposed by Hart
[8]. He demonstrated how different electrical appliances gen-
erate distinct power signatures, including their active power,
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Figure 1: Basic concept of NILM [8].

current, and voltage (Figure 1). He showed how on-off events
were sufficient to characterize the use of some appliances.
Many researchers have studied this concept and improved the
NILM model.

In order to disaggregate a power consumption based on
NILM, we have to understand features of appliances. Hart
defined three types of appliance model according to the
features. Three types are On/Off, Finite State Machine (FSM),
and Continuously Variable [8, 9].

The first type On/Off has binary states of power such as
a light and a toaster. Figure 2(a) shows the power pattern of
light. When it is turned on, the power level is increased from
10 to 12 watts. The appliances of type 1 can be easily classified
because of a clear feature. However, if two appliances which
have similar power consumption are operating, they could
not be distinguished. In this case, a classification model does
not know which appliance is generating the current power.
Therefore, we need an additional factor to distinguish them.

The second type FSM has multiple states of power such
as a lamp and a fan. The power pattern of lamp is shown in
Figure 2(b). Three operation states are in lamp according to
brightness. This kind of appliances can be modeled by FSM.
So it could be simple to classify a single appliance of type 2.
However, when the multiple power consumption is summed,
the classification is become complicated, because it is hard to
figure out that the current power is originated in the variable
pattern.Therefore, we need to observe the pattern for a period
of time in order to classify the appliances.

The third type has a continuous changeable power pattern
such as a washingmachine and a light dimmer. In Figure 2(c),
the power consumption is fluctuated while heating/washing
or rinsing/drying a laundry. Strictly speaking, it is a multiple
state appliance but it cannot be modeled due to infinite
middle states. To classify type 3 appliances, we have to
understand the feature and observe the long-range pattern.

Lastly, we define an additional typeAlways On.The appli-
ances of type 4 are always operating except a special case.
For example, a refrigerator in Figure 2(d) is operating consis-
tently.The type 4 appliances could have a periodic pattern or a
single pattern. According to circumstances, we can reduce the
number of appliances when we train the classification model.

Themain contributions in this work consist of two points.
First one is a construction state-of-the-art NILM model. The

proposed model is robust against an increase of appliance
due to the reduced time complexity. Although we use the low
sample rate data, the multistate appliances and the similar
power appliances can be classified efficiently. As learning a
long-range power pattern result, we can solve the previous
problems, which are mentioned in Section 3. We show
that the proposed model outperforms via the experimental
results with UK-DALE and REDD. Second one is a discovery
of the novel signature. The proposed signature raises the
performance of classification for the multistate appliance. By
emphasizing the power variation when we train the model,
the variation could be clearly trained. We show the efficiency
via the validation experiments in Section 5.3.

This paper is organized the structure as follows. We
give problem statement from related works and proposed
solutions in Section 2. Section 3 describes two NILM datasets
to be used in our experiments. In Section 5, we conduct two
main experiments. The first experiment is about validating
the expected effects of the novel signature and learning
architecture. The second experiment is about measuring the
overall performance and comparing with the existing models
and state of the art. Final section, we summarize our works
and provide the conclusion.

2. Related Work

2.1. Signature Based Approach. There are two different kinds
of signature. The first signature is the steady state. It makes
use of steady-state features that are derived under the steady-
state operation of the appliances. Hart proposed the concept
of NILM and power change method at the same time in his
paper [8]. In this method, real power (𝑃) and reactive power
(𝑄) are used as the input signature. By computing changes of
𝑃 and𝑄, the appliances are classified.Hart demonstrated how
different electrical appliances generated distinct power con-
sumption signatures. He showed how on/off events were suf-
ficient to characterize the use of some appliances.The advan-
tage of this method is that we can use a low sampling dataset
and it is easy to identify the appliances having high power
consumption. However, it is hard to classify the appliances
having low power consumption and themultistate appliances
which are types 2 to 4 in Figure 2. In addition to that,
the appliances having similar power consumption cannot be
classified. To improveNILM, other researches have attempted
and proposed alternative signature identification techniques.
Najmeddine et al. and Figueiredo et al. used the current 𝐼
and the voltage 𝑉 as the signature [11, 12]. They extracted
the features such as Root Mean Square (RMS) of the cur-
rent and peak.These features arewell suited for classifying the
appliances in the kitchen. However, the multistate appliances
cannot be classified as ever. One of the signatures extracted
from high sampling rate data is the harmonic of current.
There are several researches acquiring the harmonics via
Fourier series [13–16]. The appliances of types 1 and 4 are
well classified by current harmonics. But it requires the
harmonics set of all combinations of the appliances. As
increasing the number of appliances, the harmonics for
classification increase exponentially. This is not a practical
approach and the memory problem could occur. There are



Computational Intelligence and Neuroscience 3

On

Off Off

Type 1

Po
w

er
 (w

at
ts)

Time (seconds)

12

10

8

6

4

2

0
9008007006005004003002001000

(a)

State 3

State 2

Off
State 1

Type 2

20

15

10

5

0

Po
w

er
 (w

at
ts)

Time (seconds)
3500300025002000150010005000

(b)

Off

Heat, wash

Rinse, dry

Type 3

Po
w

er
 (w

at
ts)

Time (seconds)

2500

2000

1500

1000

500

0
9080706050403020100

(c)

Freezing

Defrosting

Type 4
Po

w
er

 (w
at

ts)
Time (seconds)

140

120

100

80

60

40

20

0
400350300250200150100500

(d)

Figure 2: Four types of appliances. (a) Type 1 (On/Off): light; (b) type 2 (FSM): lamp; (c) type 3 (Continuously Variable): washing machine;
(d) type 4 (Always On): refrigerator.

fancy approaches for NILM research. Lam et al. proposed
the appliance categorization method based on the shape of
𝑉 − 𝐼 trajectory [17]. They categorized the appliances to eight
groups with high accuracy. Gupta et al. tried to identify the
appliances based on the noise generated from the operation
of appliance [18]. However, the noise is easy to be affected by
the environment. So it cannot be high efficient signature. In
addition, we need to equip the device formeasuring the noise.
Therefore, it cannot be practical method.

The second signature is the transient state. This signature
is less overlapping in comparison with steady-state signa-
tures. However, high sampling rate requirement in order to
capture the transients is the major disadvantage. Chang et
al. showed that the power consumption while an appliance
is turning on can be calculated as a signature [19]. Five
years later, they identified the transient physical behavior
of power by using wavelet transform [20]. Another way for
classification, Leeb et al. proposed the method analyzing the
spectral envelope via Short Time Fourier Transform (STFT)
[21]. In this way, the method of using transient power as
a signature is suitable for classification of types 1 to 3. But
it cannot catch type 4. Norford and Leeb showed that the
shape of transient data can be a feature [22]. Cole and Albicki
used power spikes generated from transition states [23]. This
signature is efficient for classification but it is applied to
several specific appliances. Like this, the method of using
the current transient when the appliances are turning on
is suitable for classification of types 1 and 2. But it cannot
catch types 3 and 4. Patel et al. sampled the voltage noise
extracted from the transient event [24]. They defined three

types of noise: on/off transient noise, steady-state line voltage
noise, and steady-state continuous noise. However, to use this
method, we need to have knowledge about the power flow
such as the reactive power, the active power, and phase of
voltage relative to current.Themethodusing the voltage noise
is suitable for classification of the multistate appliances.

2.2. Learning Model Based Approach. Some useful temporal
graphical models, the variants HMM, are used for NILM.
Zoha et al. proposed a solution using FHMM to recog-
nize appliance specific load patterns from the aggregated
power measurements [25]. They defined five features that
are combinations of the power measurement such as the
real power, reactive power, and voltage waveforms. They
achieved the 𝑓-measure of 0.614 for five appliances when
they use multistate FHMM. Kolter and Johnson also used
FHMM for NILM [26]. They had collected their own dataset
called REDD which will be explained in the Section 4. The
average accuracy was 47.7%. To improve the researches using
FHMM, a number of researchers have extended FHMM.Kim
et al. developed probabilistic models of appliance behavior
using variants of FHMM [27]. The variants are Factorial
Hidden Semi-MarkovModel (FHSMM), Conditional FHHH
(CFHMM), and Conditional FHSMM (CFHSMM). Figure 3
shows the relationships between the variant FHMMs and
their performance comparison.

Kolter and Jaakkola used a combination of addi-
tive FHMM and difference FHMM [28]. For inferencing,
they proposed an Additive Fractional Approximate MAP
(AFAMAP) algorithm.They achieved the recall of 0.603 for 7
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Figure 3: Variants of FHMM and performance results [10]. (a) Relationships between the variant FHMMs; (b) performance comparison.

appliances. Parson el al. proposed the variant of the difference
HMM and the extended Viterbi algorithm [29]. Zeifman
proposed a Viterbi algorithmwith Sparse Transitions (VAST)
[30]. And he used Markov chain (MC) for NILM.

3. Problem Statement and Proposed Solution

3.1. Problem Statement. The data for NILM is collected in a
timed sequence.Therefore, themodels dealingwith a sequen-
tial data are used as an appliance classification model. The
models which are usually used are Factorial Hidden Markov
Model (FHMM)based on theMarkov process and its variants
[32]. However, these models have three problems to classify
the appliances. The problems are as follows:

(i) The first problem is about the time complexity. In case
of FHMM, the time complexity is 𝑂(𝑀𝑛𝑀+1𝑇) where
𝑀 is the number of appliances and 𝑛 is the possible
states of hidden unit and𝑇 is the length of observation
sequence. As the number of appliances is increased,
the time complexity is increased exponentially as
well. This leads to reduction of the classification
performance of the model.

(ii) The second problem is about the difficulty of classify-
ing the multistate appliance. The multistate appliance
is the appliance which has the multiple state of
power consumption. To distinguish them, a long-
range pattern should be trained.However, the existing
models are based on the first-order Markov process.
Therefore, the pattern could not be trained efficiently.
In addition, a low sample rate data (e.g., a collected
data by 1∼6Hz sample rate) is not proper for clas-
sifying the multistate appliances. If we use a high

sample rate data for NILM, this problem might be
solved due to catching a momentary change of power
consumption. But there is a limitation for the real life
because a high cost device is needed for collecting the
high sample rate data.

(iii) The third problem is a difficulty of classifying the
appliances having similar power consumption. If we
use only power consumption as an observation of
FHMM, the model could not distinguish the similar
power appliances.

We surveyed the basic models and the related works of
NILM so far. However, there are some problems from the
original basics ofNILM. In this section, we summarized them
into three.

Problem 1. Theresearchers have used FHMMand the FHMM
variants for NILM [25–27, 29]. As we know, the time
complexity of FHMM is𝑂(𝑀𝑛𝑀+1𝑇)where𝑀 is the number
of appliances and 𝑛 is the possible states of hidden unit and 𝑇
is the length of observation sequence.Therefore, as increasing
the number of appliances, the time complexity also increases
exponentially. As a result, the performance of classification
model is dropped. We can easily notice that in Figure 3(b).

Problem 2. The second problem is that FHMM and the
FHMM variants are hard to classify type 2 to 4 appliances.
A long-term pattern is needed to learn but most models are
based on the first-order Markov chain [35]. So these models
predict the current state through the previous state. As a
result, FHMM and the FHMM variants have a limitation
for classifying the multistate appliances. In addition, there is
another problem based on the signature perspective. In the
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signature based approach, we can separate the low sampling
rate signature and the high sampling rate signature. The
advantage of first signature is that we can easily collect the
data from a simple sensor. However, the low sampling rate
signature was unsuitable for classifying types 2 to 4 in the
most researches [8, 11, 12]. To solve this problem, we need
more precise data and high sampling rate signature. By this
signature, the researchers classified all types of appliances.
However, a specific device should be equipped in order to
get the signature. It means that the high cost is required
for application of the real life. This is not a good way for
popularizing NILM.

Problem 3. The last problem is the difficulty of classifying
the appliances which have similar power consumption. In the
previous models, the observation was only a series of power
consumption. HSMM deals with a duration of operation but
how can we know the durations for each appliance? The
durations are not stable and it is a very tiresome business
to extract the durations for each appliance. For example, in
Figure 4, we extracted the patterns of air-conditioner from
one house. We can notice that the duration is different. It
depends on a user’s behavior.

Through summarizing the problems, we concluded that
the problems from FHMM and the FHMM variants are
the fundamental issues from the architecture of FHMM.
Therefore, we propose a deep learning based NILM model.
Also, we propose the novel low sampling signature in order to
apply to the real life. We have three challenges for successful
application of deep learning.

Challenge 1.Ourmodelmust be robust even though the number
of appliances is increased.

The significant problem of NILM models based on
FHMM is that the performance is decreased as increasing
the number of appliances.This will be the biggest obstacle for
applyingNILM to the real life.Therefore, the proposedmodel
should be robust even though the number of appliances is
increased.

Challenge 2. The multistate appliance should be classified.
The problem when we use a low sample rate data is that it

is hard to classify the multistate appliances. This is caused by
the fact that various patterns of appliance cannot be reflected
efficiently to the main signal (total power consumption) due
to a wide sampling gap. Although it is type 1 appliance,
the main signal could be a multistate signal because of
overlapping signal for each appliance. So we must classify the
multistate appliances.

Challenge 3. Although there are the appliances having the
similar power consumption, they should be classified.

If power consumption is the same between two appli-
ances, they would be the same appliances. Except this case,
the appliances having the similar power consumption can
slightly be different. For the accurate performance, we need
to distinguish the similar appliances.

3.2. The Proposed Solution

3.2.1. Proposed Novel Signature. Sequence data selected from
real life might be power consumption sampled at 1 to 6Hz.
Because of the cost of a sensor, there is a limitation to
collecting high sample rate data. To popularize NILM, we
have to use low sample rate data from such a sensor. In
Section 3, we acknowledge that it is hard to classify multistate
appliances (type 2, type 3, and type 4) when using low sample
rate data. To solve the problem, we propose a novel signature,
which is a key input feature.The main idea of the signature is
to separate the original signal, which is low sample rate data
(power consumption), using a reflection rate and to subtract
one variant power signal from the other variant power signal.
We denote the difference as Δ𝑝 which represents variation
of the original signal. The purpose of Δ𝑝 is to emphasize
the variation of multistate appliances by applying the same
importance with the original signal to a training model. The
result is that performance of the model for an appliance with
many variations may be better than when using only the
original signal.

To calculate Δ 𝑝, we need to generate the variant power
signal. The purpose of using the variant power signal is to
reduce noise. An unintended noise can occur and it can have
a negative influence on learning the signal pattern. We can
regulate noise with the reflection rate. The reflection rate
ranges from 0 to 0.99. Power signals that increase or decrease
gradually are reflected to the variant power signal, while
noise, which occurs in a moment, is not reflected well. This
lower reflection rate reduces the negative effect ofmomentary
noise. However, if the reflection rate is too low, the original
power pattern may not be reflected. Thus, it is vital to set the
reflection rate properly. Through the experiment explained
in Section 5.3.1, we empirically found that 0.1 or 0.01 is the
proper reflection rate.

Algorithm 1 shows how to generate the variant power
signal. There are two inputs for the algorithm: 𝑃 is the
series of the original signal with the time length 𝑇 and 𝛼 is
the reflection rate, which is a ratio for reflecting variation
between the original signal and the variant power signal.
The output 𝑉𝑃 is the variant power signal generated by the
algorithm. In line (1), the variant power signal is initialized to
zero. The generation process is given in lines (2) to (5). After
the variation at time 𝑖 is calculated in line (3), it is reflected to
the variant signal at reflection rate 𝛼 in line (4). Figure 5 is an
example of the variant power signal. Figure 5(a) is the series
of the original signal with the time length 5000. Figure 5(b) is
the variant power signal when the reflection rate is 0.1. Note
that the pattern is smoother than the original. This indicates
that momentary noise has been reduced while long-range
variations remain. Figure 5(c) is the variant power signal
when the reflection rate is 0.01. In this case, the original signal
changes are more slowly reflected to the variant power signal.
With two different variant power signals, we can calculate the
variations in the original signal.

The algorithm for the novel signature is in Algorithm 2.
Two variant power signals are the input and the novel
signature representing the series of variation is the output.
Δ 𝑝 is calculated by subtracting the inputs. In the scale of the
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Figure 4: Different durations of air-conditioner: (a) duration: 5016 sec; (b) duration: 2585 sec; (c) duration: 9564 sec.

original signal, small variations are easily ignored.However, if
we give Δ𝑝 the same weight as the original signal, these small
variations become more apparent than before. This effect of
the novel signature will be validated in Section 5.3.2.

Figure 6 represents a computation of Δ𝑝. By Algorithm 1,
the variant power signals (Figure 6(b)) are generated from
the original signal (Figure 6(a)). We can see that the patterns
of the variant power signal differ according to the reflection
rates. The variant power signals in Figure 6(b) can be the
inputs for Algorithm 2. Finally, the series of variations, Δ𝑝,
is generated by Algorithm 2.

3.2.2. Learning Architecture. In this section, we introduce
how to apply deep learning to NILM. We choose RNN as
the learning algorithm. RNN can learn the sequential data
such as the power consumption of household. And we apply
LSTM to hidden layer in order to prohibit the vanishing

gradient problem. We call this model LSTM-RNN.There are
two reasons for applying deep learning to NILM. The first
reason is that the time complexity was getting higher as the
number of appliances was increased in the FHMM variants.
The time complexity of FHMM is 𝑂(𝑀𝑛𝑀+1𝑇) where 𝑀 is
the number of appliances and 𝑛 is the possible states of hidden
unit and 𝑇 is the length of observation sequence. As we can
see, the number of appliances has a close relation with the
time complexity. As a result, the performance was dropped
as the number of appliances was increased. In deep learning,
the major time complexity is originated from backpropa-
gation. Stochastic Gradient Decent (SGD) is usually used
for backpropagation [36]. As a result, the time complexity
of SGD is 𝑂(𝑚𝑑). In our model, the output dimension is
the number of appliances. So the time complexity is not
increased exponentially in contrast with FHMM. If we use
the deep learning based NILM model, the model could be



Computational Intelligence and Neuroscience 7

Time (seconds)

P (original signal)

500040003000200010000
0

500
1000
1500
2000
2500
3000
3500
4000
4500

Po
w

er
 (w

at
ts)

(a) Original power signal (load)
VP with reflection rate = 0.1

0

1000

2000

3000

4000

5000

6000

Po
w

er
 (w

at
ts)

1000 2000 3000 4000 50000

Time (seconds)

(b) Variant power signal with 𝛼 = 0.1

VP with reflection rate = 0.01

1000 2000 3000 4000 50000

Time (seconds)

0

1000

2000

3000

4000

5000

6000

Po
w

er
 (w

at
ts)

(c) Variant power signal with 𝛼 = 0.01

Figure 5: Patterns of the variant power signals.
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Figure 7: Long-range pattern learning.

Require: 𝑃 = 𝑝1, 𝑝2, . . . , 𝑝𝑇, Reflection rate 𝛼
Ensure: VP = vp1, vp2, . . . , vp𝑇
(1) VP ← 0
(2) for 𝑖 = 2 to T do
(3) 𝑑 ← 𝑝𝑖 − vp𝑖−1
(4) vp𝑖 ← vp𝑖−1 + 𝛼 ⋅ 𝑑
(5) end for
(6) return VP

Algorithm 1: Generation algorithm for the variant power signal.

robust relatively. Additionally, deep learning uses the parallel
computing via GPU. It means that even though the time
complexity is high,GPUcan reduce it.This is one of themajor
reasons why many researchers have been fascinated by deep
learning. For the record, the latest GPU, Titan X with Pascal
Architecture, has 3584 cores, 12 GB memory, and 11 GFLOP.

The second reason is that the long-term pattern cannot be
learned in the FHMMvariants (see Figure 7), because they are

Require: VP1 = vp11, vp
1
2, . . . , vp

1
𝑇, VP

2 = vp21, vp
2
2, . . . , vp

2
𝑇

Ensure: Δ 𝑝 = 𝛿1, 𝛿2, . . . , 𝛿𝑇
(1) for 𝑖 = 2 to T do
(2) 𝛿𝑖 ← vp1𝑖 − vp2𝑖
(3) end for
(4) return Δ 𝑝

Algorithm 2: Computing algorithm for the novel signature.

based on the first-orderMarkov chain. On the other hand, the
hidden layer of LSTM-RNN is a kind of memory. A washer
is the representative of the multistate appliance. Although
the pattern is long and changeable, it could be learned when
we set a length of LSTM-RNN similarly. This feature could
classify the multistate appliances and the appliances having
the similar power consumption.

We realized that the NILMmodel based on deep learning
has a high possibility of achieving three challenges. One
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important thing when using LSTM-RNN model is how to
choose the suitable factors of this model. Here we discover
four factors, which are considered much effective in our
model.

Preprocessing Method. Generally, 𝑍-Score method and
Min–Max Scaling are considered as a normalization method
for deep learning. In deep learning, a model has better per-
formance when a distribution of input data is close to
Gaussian distribution. Min–Max Scaling is the most simple
way to normalize the input data. It converts the scale in range
from 0 to 1 by using the minimum and maximum value.
This method holds the original distribution but it cannot be
the Gaussian distribution. 𝑍-Score method normalizes the
input data by using the mean and standard deviation. This
method cannot hold the original distribution when the input
distribution is not the Gaussian. Nevertheless, it is import-
ant that the mean of input data is close to zero, because
if the input is all positive or negative, the weight could be
updated in one way. In case of NILM, one of inputs, power
consumption, is all positive value. Therefore, we use 𝑍-Score
as the preprocessing method. We are going to take an experi-
ment about the preprocessing method in Section 5.4.1.

Weight Initialization Method. Asymmetry is the most impor-
tant thing for the weight initialization. We can simply think
that if the weights are initialized to zero, the update could be
clear. But soon we realize that this method is wrong. There
are only bias values in forward propagation.The simplest way
to initialize the weights with asymmetry is selecting values
from normal distribution or uniform distribution. However,
this method has the problem that a variance of output
increases with an input dimension. To solve this problem,
the variance of output needs to be divided by the square root
of input dimension. By this way, Glorot initialization and He
initialization are commonly used for the weight initialization.
The simple equations of them are as follows:

𝑊glorot =
random (fanin, fanout)

√fanin
,

𝑊he =
random (fanin, fanout)

√fanin/2
,

(1)

where fanin and fanout are the number of input and output
dimensions and 𝑟𝑎𝑛𝑑𝑜𝑚 is a function of random selection
in range from fanin to fanout from normal distribution or
uniform distribution. Both equations are similar but He
initialization selects theweight values inwide range relatively.
In deep neural network like RNN, the weight can easily be
shrunk to nothingwhen the values are close to zero.This leads
to vanishing gradient problem. Therefore, we use He initiali-
zation due to the wide range value. A related experiment will
be conducted in Section 5.4.2.

Activation Function. In general, the softmax is used as an
activation function for multiclass classification [37]. It can
select a one class among all classes. However, in NILM, many
appliances could have been operated in the same time. It

means that we need to classify themultiple classes.Therefore,
we set the boundary with assuming that the appliance is
turned on when the output unit value is bigger than the
boundary. To do this, we change the softmax to the hyperbolic
tangent (tanh) as the activation function. By this way, we
can classify the multiple appliances at the same time. The
sigmoid can also be the activation function. However, while
the output of sigmoid is not zero-centered, the tanh has the
zero-centered output. As a result, we could set the static
boundary when we use tanh as the activation function.

Optimizer. There are three optimizers for SGD. One of them
is Adagrad. It decreases a learning rate when a signal is
frequent or the weight has a high gradient. In the opposite
case, it increases the learning rate. However, this method has
a low performance due to decreasing the learning rate fast.
RMSProb solves this problemby an exponentialmoving aver-
age. Adam is a combination of RMSProb and Momentum. It
is known as the most efficient method for SGD.Therefore we
use Adam as an optimizer.

The inputs are the original signal (power consumption)
and Δ𝑝. The output unit represents the on/off state of each
appliance. By using the novel signatureΔ 𝑝, we can expect the
better performance for classification of multistate appliances.
We apply dropout between the input layer and the hidden
layer in order to prevent overfitting. This is the simplest
way to regularize the weights and is suitable for deep neural
networks like an RNN. We set the number of hidden units
to be double the number of output units. A small number
of hidden units require more training epochs, whereas a
larger number of hidden units require more computation
time per epoch. We found that double the number of output
units is a proper number for the NILM model through
heuristic experiments. Based on these methods, we construct
the architecture of an LSTM-RNN for NILM (Figure 8).

4. Dataset Description

There are several public datasets for NILM. Table 1 shows
descriptions for them. Among them, we concentrated on two
datasets such as REDD and UK-DALE because of proper
for NILM. Beside the public dataset, we had collected 6
appliances and aggregate data during 5 months. We are going
to use our private dataset as well.

TheUK-DALEwas released in 2014 at first and it has been
updated every year [38]. There are power data for 5 house-
holds and each house has the different first measurement
date. House 1 includes 3.5-year power data for 52 appliances.
The 16 kHz data will not be used in this paper. And houses 1,
2, and 5 include 1-second data but there are no labeled data.
Therefore we will not use 1-second data as well. We give an
explanation for the 6-second data. Table 2 shows the detailed
description of UK-DALE. House 1 has the large number
of appliances. As the number of appliances is increased, a
NILM model is hard to distinguish the appliances. But the
disadvantage can be overcome because of much data. On the
other hand, houses 3 and 4 have the small number of meters.
The difference between of them is that a meter of house 4
is shared. For example, “tv dvd digibox lamp” means that
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Table 1: Public datasets for NILM [31].

Dataset Number of houses Duration per house Appliance sample frequency Aggregate sample frequency
REDD (2011) 6 3–19 days 3 sec 1 sec, 15 kHz
BLUED (2012) 1 8 days N/A 12 kHz
Smart (2012) 3 3 months 1 sec 1 sec
Tracebase(2012) N/A N/A 1–10 sec N/A
Sample (2013) 10 7 days 1min 1min
HES (2013) 251 1 or 12 months 2 or 10min 2 or 10min
AMPds (2013) 1 1 year 1min 1min
iAWE (2013) 1 73 days 1 or 6 sec 1 sec
UK-DALE (2016) 5 1–3.5 years 6 sec or 16 kHz 1 or 6 sec, 16 kHz

tanhActivation
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DropoutRegularization

Preprocessing
Z-Score

tanhActivation

Weight init.

AdamOptimizer

Applied LSTM
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He’s initialization
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Figure 8: LSTM-RNN for NILM.

the 4 appliances are using the same meter. When the NILM
model is trained by a dataset, the shared meter may cause a
confusion or make a distinguishable pattern. In Section 5, we
can confirm the effect of the shared meter.

The REDD is the first public dataset for NILM [26].
The major purpose of REDD is the standard dataset for
benchmarking the NILM algorithms. In REDD, there are
AC waveform data with sampling rate of 15 kHz. Therefore,
REDD can be used for each approach using the high or low
sampling data. It is sampled from six different houses inMas-
sachusetts of the United States. There are three categorized
data, low freq, high freq, and high freq raw. We are going
to use low freq data in this paper. Each house’s dataset is
composed of themain phases sampled 1Hz and the individual
data of each appliance sampled 3 or 4Hz. Table 3 shows the
detailed description of REDD. Each house has the appliance
in range from eleven to twenty-six. We renamed the same
appliances like kitchen outlets1 and kitchen outlets2.

The problem of UK-DALE and REDD is the asynchro-
nization between a total load and each appliance data due
to the different sample rate. So we have to synthesize each
appliance data for generating an output dataset. When we
collect the data from the real household, noise can be
included in the total load. However, the synthesized data is
not affected on the noise. To solve the problem, we collect the
data of six appliances for five months. The description of the
private data is in Table 4.

5. Experiment

5.1. Experiment Description. The purpose of the experiment
is to satisfy three challenges defined. The challenges are as
follows.

Challenge 1. Our model must be robust even though the
number of appliances is increasing.
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Table 2: The detailed description of UK-DALE.

House Date of first measurement Submeters Appliances

1 2012-11-19 53

Boiler, solar thermal pump, laptop, washing machine, dishwasher, tv,
kitchen lights, htpc, kettle, toaster, fridge, microwave, lcd office, hifi office,
breadmaker, amp livingroom, adsl router, livingroom s lamp, soldering iron,
gigE & USBhub, hoover, kitchen dt lamp, bedroom ds lamp, lighting circuit,
iPad charger, subwoofer livingroom, livingroom lamp tv, and so on

2 2013-02-17 20
Laptop, monitor, speakers, server, router, server hdd, kettle, rice cooker,
running machine, laptop2, washing machine, dish washer, fridge, microwave,
toaster, playstation, modem, cooker

3 2013-02-27 5 Kettle, electric heater, laptop, projector

4 2013-03-09 6 Tv dvd digibox lamp, kettle radio, gas boiler, freezer,
washing machine microwave breadmaker

5 2014-06-29 26

Stereo speakers, desktop, hairdryer, primary tv, 24 inch lcd, treadmill,
network attached storage, server, 24 inch lcd bedroom, PS4, steam iron,
nespresso pixie, atom pc, toaster, home theatre amp, sky hd box, kettle,
fridge freezer, oven, electric hob, dishwasher, microwave, washer dryer,
vacuum cleaner

Table 3: The detailed description of REDD.

House Submeters Appliances

1 20
Oven1, oven2, refrigerator, washer drye1, dishwasher, kitchen outlets1,
kitchen outlets2, lighting, lighting1 washer dryer2, microwave, bathroom gfi,
electric heat, stove, kitchen outlets3, washer dryer3kitchen outlets4, lighting2

2 11 Kitchen outlets1, lighting, dishwasherstove, microwave, washer dryer,
kitchen outlets2, refrigerator, disposal

3 22

Outlets unknown1, kitchen outlets1outlets unknown2, lighting 1, microwave,
electronics, refrigerator, disposal, dishwasher, furance, lighting2, lighting3,
outlets unknown3, washer dryer1, washer dryer2, lighting4, smoke alarms,
lighting5, bathroom gfi, kitchen outlets2

4 20

Lighting1, furance, kitchen outlets1, stove, outlets unknown, washer dryer,
air conditioning1, air conditioning2, miscellaeneous, smoke alarms, lighting2,
kitchen outlets2, dishwaser, bathroom gfi1, bathroom gfi2, lighting3, lighting4,
air conditioning3

5 26

Microwave, lighting1, outlets unknown1, furance, outlets unknown2,
washer dryer1, washer dryer2, subpanel1, subpanel2, electric heat1, electric heat2,
lighting2, outlets unknown3, bathroom gfi, lighting3, refrigerator, lighting4,
dishwaser, disposal, electronics, lighting5, kitchen outlets1, kitchen outlets2,
outdoor outlets

6 17
Kitchen outlets1, washer dryer, stove, electronics,bathroom gfi, refrigerator,
dishwasher, outlets unknown1, outlets unknown2, electric heat, kitchen outlets2,
lighting, air conditioning1, air conditioning 2, air conditioning3

Challenge 2. The multistate appliance should be classified as
well.

Challenge 3. The similar power consumption in appliances
should be classified.

In this section, we take two validation experiments
for the proposed signature and learning method and one
performance measurement experiment. The first validation
experiment consists of two subtests.The first one is a heuristic
approach test for the optimized reflection rate. In this test,
we compute three different Δ 𝑝 by three different reflection
rates. By using Δ 𝑝s, we train the models with the same
condition. The second subtest is related to challenge 2. In

Section 3.2.1, we expected that the novel signature could
classify the multistate appliances having many variations. To
validate this, we train two models having {𝑃} and {𝑃, Δ𝑝} as
inputs for each. And then we analyze the results.

The second validation experiment is related to challenges
1 and 3. This experiment consists of four subtests. In the
first subtest, we are going to find an optimized preprocessing
method. 𝑍-Score normalization and Min–Max Scaling are
popular methods for preprocessing. There is no rule which
one is proper for a specific situation. So we experiment them
for choosing the optimized method. The second subtest is
about choice of the weight initialization methods. Among
the initialization methods, the Glorot initialization and the
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Table 4: Private dataset.

House Date of first
measurement Submeters Appliances

1 2016-03-11 6

Air-con.,
dehumidifier,
TV, washer,
toaster, oven

Positive
(predicted)

Negative
(predicted)

Positive
(actual)

Negative
(actual)

TP

FP

FN

TN

Figure 9: Confusion matrix.

He initialization are well known for providing good per-
formance. But it is not revealed that which one is better
or not. Therefore, we train two models with only changing
the initialization method and compare the result. In the
third subtest, we compare the performance as the number of
appliances is increased. We could confirm that our model is
robust even though the number of appliances is increased. In
the last subtest, we synthesize the sampled data of appliances
having the similar power consumption. Then, we confirm
that the appliances are well classified or not.

The last experiment is about measuring the overall per-
formance. We are going to use the UK-DALE and REDD
as the training/test data and measure the performance for
each house in the dataset. Also, we take the same experiment
by FHMM and compare the result. All models used in the
experiment are implemented with Python programming and
Theano library.

5.2. Performance Metrics. Up to now we have generally
assumed that the best way of measuring the performance of a
classifier is by its predictive accuracy, that is, the proportion
of unseen instances it correctly classifies. However, predictive
accuracy on its own is not a reliable indicator of a classifier’s
effectiveness. As well as the overall predictive accuracy on
unseen instances it is often helpful to see a breakdown of
the classifier’s performance; it is a confusion matrix which is
proposed by Kohavi and Provost, in 1998 [39].

Confusion matrix is described in Figure 9, including
four categories. True positive (TP) is examples correctly
labeled as positive. False positive (FP) refers to negative
examples incorrectly labeled as positive. True negative (TN)
corresponds to negatives correctly labeled as negative. Finally,
false negative (FN) refers to positive examples incorrectly
labeled as negative.

We assume that the positive state means that an appliance
is turned on. When the appliance is turned off, we regard
it as a negative state. Based on the confusion matrix, we
can calculate 𝑅𝑒𝑐𝑎𝑙𝑙, 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛, 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦, and 𝐹1-𝑠𝑐𝑜𝑟𝑒 for

evaluating the NILM model. The formulas to compute the
value of them are given by

Recall =
TP

TP + FN
,

Precision =
TP

TP + FP
,

Accuracy =
TP + TN

(TP + FP) + (FN + TN)
,

𝐹1-score = 2 ∗
Precision ∗ Recall

(Precision + Recall)
.

(2)

Recall is a ratio of the number of correct classifications
to the total number of actual positive instances. A meaning
of that Recall is high and the appliances are well classified
by the NILM model when the actual instances are positive.
Precision is a ratio of the number of correct classifications to
the total number of predicted positive instances. A meaning
of that Precision is high and a probability of well classification
is high when the NILMmodel predicts the positive instances.
Accuracy is a ratio of correct classification to the total test
data.𝐹1-𝑠𝑐𝑜𝑟𝑒 is the harmonic average ofRecall andPrecision.

5.3. Proposed Signature Validation Experiment

5.3.1. Optimum Reflection Rate. To find an optimum reflec-
tion rate, we set three different reflection rates, 0.1, 0.01, and
0.001, and compute three variant signals. For experiment, we
randomly select the 15 appliances from UK-DALE. By using
the variant signals, we calculate three Δ𝑝. Δ𝑝1 is a result
of subtraction of the first signal and the second signal. Δ𝑝2
is a result of subtraction of the first signal and the third
signal. Δ𝑝3 is a result of subtraction of the second signal
and the third signal. Figure 10 shows the pattern of each Δ𝑝.
Intuitionally, Δ 𝑝2 and Δ 𝑝3 are biased. The values of each Δ 𝑝
are detailed in Table 5. We can notice that the mean of Δ 𝑝1
is close to zero unlike the others. A variance and standard
deviation of Δ𝑝1 are almost in middle of the others. And the
scale of range of Δ 𝑝1 and Δ𝑝2 is similar. We could know
which one is proper to NILM by a comparison experiment.

Table 6 shows performance results. All performances are
similar except that Δ 𝑝1 is better than the others. Therefore,
we will use (0.1, 0.01) as a reflection rate.

5.3.2. Effect of the Novel Signature. In this section, we train
the two models having {𝑃} and {𝑃, Δ𝑝} as an inputs for each.
We extracted 72-day data as a training dataset and 30-day data
as a test dataset. Each model was trained 2000 epochs. As we
explained in Section 4, the private dataset has six appliances.
Actually, these appliances are not operating in the same time.
However, in our work, we assumed that multiple appliances
could have been operated in the same time.Therefore, 26 = 64
which is the number of combinations of all appliances. We
represented the on/off state by the binary representation.
And we change the output unit values to one binary string.
After that, the string is converted to a decimal number
that stands for the combination. A sequence of appliances is
{Air-conditioner,Washer,Dehumidifier,Oven,TV,Toaster}.
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Figure 10: Comparison of Δ 𝑝. (a) Pattern of Δ 𝑝1; (b) pattern of Δ 𝑝2; (c) pattern of Δ 𝑝3.

Table 5: Statistic of Δ 𝑝.

Δ 𝑝 Range Mean Variance Standard deviation
Δ 𝑝1 (−841∼2510) 1.047 83116.404 288.299
Δ 𝑝2 (−411∼3149) −13.361 140077.047 374.268
Δ 𝑝3 (−366∼1040) −14.358 34845.009 186.668

For example, if the washer and toaster are operating, the
binary string would be {010001} and the combination num-
ber would be 17.

Figure 11 shows the classification ratio comparison
between the models. The 𝑥-axis is a combination and the 𝑦-
axis is a classification ratio. We can easily notice that if we use
the proposed signature additionally, the more combinations
could be classified. 30 combinations were classified when we
use the proposed signature whereas 11 combinations were
classified when we use only power consumption (not all
combinations are included in the dataset). Figure 12 shows
the performance of each appliance. The second model using
{𝑃, Δ 𝑝}has the better performance in all appliances except the
dehumidifier. Particularly, there are large gaps in the washer,
oven, and toaster.The operation time for the oven and toaster
is only 1.5 hours and 2.8 hours during 30 days. Even though
the sample number is small, the second model has the better
performance relatively.

However, the dehumidifier performance of first model is
higher than that of the second one. We see this performance
in Figure 13.The pattern of dehumidifier is simple. A fluctuat-
ingΔ𝑝 could be efficient for learning the pattern but the other
case is not. Because the importance of Δ𝑝 is the same with

the power consumption, this kind of simple pattern could
be learned slowly. To confirm this, we trained 2000 epochs
more for the second model. In Table 7, the performance of
dehumidifier is improved from 0.65 to 0.82 whereas the other
performances are similar with before. Because the washer
has fluctuating Δ𝑝, the performance of the second model is
about double. As a result, the proposed signature could be
very efficient factor for classifying the multistate appliances.

5.4. Deep Learning Model Validation

5.4.1. Optimum Preprocessing Method. 𝑍-Score normaliza-
tion and Min–Max Scaling are popular methods for prepro-
cessing. However, it has not revealed which one is better. To
find an optimummethod forNILM,we train the two different
models.Thedatasets for allmodels are the same.We extracted
23-day data from house 5 of UK-DALE. 17-day data is used as
a training dataset and 6-day data is used as a test dataset. Each
model trains 1000 epochs.

Figure 14 shows the performance results of the models.
We can notice that 𝑍-Score method has the better perfor-
mance than Min–Max Scaling. In NILM, one of the inputs is
the power consumption. As we know, all power consumption
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Table 6: Performance measurement with different reflection rates.

Δ 𝑝 (reflection rate) Precision Recall Accuracy 𝐹1-Score
Δ 𝑝1 (0.1, 0.01) 0.753 0.843 0.901 0.795
Δ 𝑝2 (0.1, 0.001) 0.714 0.836 0.886 0.771
Δ 𝑝3 (0.01, 0.001) 0.730 0.812 0.888 0.769
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Figure 11: Classification ratio comparison {𝑃}, {𝑃, Δ 𝑝}.

Table 7: The performance of second model (4000 epochs).

Appliance 𝐹1-Score
Air-conditioner 0.89
Washer 0.67
Dehumidifier 0.82
Oven 0.55
TV 0.70
Toaster 0.49

is positive. If all input data are the positive value, all weights
could be increased or decreased when the backpropagation
is processed. As a result, the dataset for NILM should be
standardized. As expected in Section 3.2.2, 𝑍-Score method
is proper for preprocessing.

5.4.2. Optimum Weight Initialization Method. Among the
weight initialization methods introduced, the researchers
usually use Glorot initialization and He initialization. But
they still have argued about the better method between two
methods.Themethods use a similar theoretical analysis.They
found a good variance for the distribution from which the
initial parameters are drawn. This variance is adapted to the
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Figure 12: Classification performance of the appliances.

activation function used and is derived without explicitly
considering the type of the distribution. As such, their
theoretical conclusions hold for any type of distribution of
the determined variance. To compare theweight initialization
methods, we applied the same distribution (uniform distri-
bution) to the methods. We extracted 71-day data from the
private dataset. 50-day data are used as a training dataset and
21-day data are used as a test dataset. We train two models
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Figure 13: The patterns of dehumidifier and washer: (a) dehumidifier; (b) washer.
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Figure 14: Comparison of the preprocessing methods.

during 1000 epochs for each and set a time step to be 500, a
loss function to be MSE, and optimization to be Adam.

Table 8 shows the result of experiment. The precision of
Glorot initialization is much higher than the precision of He
initialization. In case of the recall, He’s method is higher than
Glorot’s method. The model which used Glorot initialization
has a high hit rate but a number of classified samples are low.
The model which used He initialization has a low hit rate
but a number of classified samples are high. The accuracy
and 𝐹1-Score are similar. Before we select the method, we
trained the models during 5000 epochs for each. Table 9
shows the results. After training more than 4000 epochs, the
precision of He’s method is much improved than the previous
result even though the recall is dropped. However, the model
which used Glorot initialization is not much improved in
all metrics. He initialization was proposed in case the input
data is positive. The power consumption is all positive values
but Δ𝑝 is not. We could not convince He initialization. But
guessing from the result, we can know that He initialization
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Table 8: Performance comparison of initialization methods (1000 epochs).

Metric He initialization Glorot initialization
Precision 0.529 0.962
Recall 0.775 0.456
Accuracy 0.934 0.959
𝐹1-Score 0.629 0.619

Table 9: Performance comparison of initialization methods (5000 epochs).

Metric He initialization Glorot initialization
Precision 0.954 0.954
Recall 0.535 0.466
Accuracy 0.964 0.960
𝐹1-Score 0.685 0.626

Table 10: Control parameters for experiment.

Control parameter Method
Input 𝑃, Δ 𝑝
Num. of training samples 1,500,000
Num. of test samples 500,000
Time step 500
Num. of epochs 1000
Cost function Mean Squared Error
Optimization Adam
Preprocessing 𝑍-Score
Weight init. He initialization
Regularization Dropout

is efficient for NILM. As a result, we will use He initialization
as the weight initialization method.

5.4.3. Performance Measurement with Increasing the Number
of Appliances. In this section, we are going to take an
experiment for confirming the robustness of proposedmodel
even though the number of appliances is increased. In the
experiment, we hold all parameters except the number of
appliances.The control parameters are in Table 10.The fifteen
appliances for measuring the performance are selected from
house 5 ofUK-DALE (Table 20). Table 11 shows the appliances
used for each experiment. To observe the performance
precisely, we synthesize the data of appliances with adding
one appliance to the previous ones.

Figure 15 shows the result of experiment.The 𝑥-axis is the
number of appliances. The 𝐹1-Score representing the overall
performance of the model is decreased from 2 to 9. However,
after 9 appliances, the 𝐹1-Score pattern walks up and down in
range from 0.8 to 0.9. Due to the high performance, the 𝐹1-
Score is going down in the early phase. However, it is going
up and down in the late phase.Therefore, we cannot conclude
that the model is influenced by the number of appliances. We
compare the two models; those numbers of appliances are 13
and 14 for each. The 𝐹1-Score of first model is 0.822 but it is
increased to 0.866 when the 14 appliances are trained. The
added appliance is home theatre amp. The total operation
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F1-Score

0

0.2

0.4

0.6

0.8

1

1.2

Figure 15: The result of performance measurement model in
increasing appliances.

time is about 68 hours and we can notice that the appliance
has many variations in Figure 16. On the other hand, the 𝐹1-
Score is going down when the number of appliances is from 7
to 8. The added appliance is core2 server. We can notice that
the power pattern is monotonous in Figure 17. Therefore, we
can think that the major factor affecting on the performance
is the data. As a result, we can conclude that the proposed
model for NILM is robust against the number of appliances.

5.4.4. Performance Measurement of Appliances Having the
Similar Power Consumption. In this section, we are going
to take an experiment for confirming that the appliances
having a similar power consumption are well classified by the
NILM model. If the similar power appliances are operating
in a different time, the model could be hard to classify them.
However, the power consumption and the operation time are
slightly different even though the appliances are the similar
power appliance. The power gap would be emphasized by
the proposed signature and the operation time could be
memorized in the hidden neurons of the proposedmodel. To
validate our assumption, we collected the 11 numbers of the
similar power appliances from UK-DALE and synthesized
their data in Table 11. And the control parameters are the
same with the previous experiment (Table 10). Table 12 shows
the result of performance measurement. We can see that they
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Table 11: A List of the similar power appliances.

Number Appliance Power range (watt)
(1) adsl router 6∼7
(2) Data logger pc 12∼13
(3) hifi office 12∼14
(4) Livingroom lamp tv 11∼14
(5) Livingroom s lamp2 7∼9
(6) Modem 9∼10
(7) Office lamp1 14
(8) Office lamp2 9∼10
(9) Server-hdd 10∼13
(10) Speaker 10∼11
(11) Subwoofer livingroom 15∼16
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Figure 16: Power pattern of home theatre amp.

Table 12: Result of performance measurement for classification of
similar power appliance.

Metric Similar power appliance based model
Precision 0.955
Recall 0.948
Accuracy 0.957
𝐹1-Score 0.951

are well classified even though they are the similar power
appliances.

To validate our assumption, we collected the 11 numbers
of the similar power appliances and 3 numbers of the multi-
state appliances having a high power consumption fromUK-
DALE and synthesized their data in Table 13. And the con-
trol parameters are the same with the previous experiment
(Table 10). We train two models. The first one is the model
using only similar power appliances. In the second model,
the multistate appliances are included additionally. As we
expected, we can observe that the performance is going
down from the first model to the second model in Table 14.
Although the performance is decreased, we can realize that.

5.5. Performance Comparison with the Existing Models. We
could confirm that our proposed signature and model are
efficient forNILM through the validation experiments. In this
section, we would like to compare the performance with the
existing models. We take an experiment for all houses in UK-
DALE and REDD. Firstly, we train all houses of UK-DALE
and the result will be compared with FHMM.The parameters
for UK-DALE experiments are in Table 15.

Table 16 shows the overall performance of UK-DALE
houses. The house having the lowest performance is the first
house.We proved that ourmodel is affected by the data.There
are 53 appliances in the first house. The possibility of being
the appliance data decreasing the performance is higher than
the other houses. For example, the usage of battery charger
and breadmaker is very rare. This kind of appliance is the
major reason for dropping the performance. We compare the
performance with FHMM by implementing it. The result is
shown in Table 17. We can notice that our model is outper-
forming FHMM. The performance is almost double in most
houses.

Secondly, we train all houses of REDD and the result will
be compared with the existing models. The results are good
in all houses (see Table 18). We compare our model with
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Table 13: A List of the similar power appliances with adding three multistate appliances.

Number Appliance Power range (watt)
(1) adsl router 6∼7
(2) Data logger pc 12∼13
(3) hifi office 12∼14
(4) Livingroom lamp tv 11∼14
(5) Livingroom s lamp2 7∼9
(6) Modem 9∼10
(7) Office lamp1 14
(8) Office lamp2 9∼10
(9) Server-hdd 10∼13
(10) Speaker 10∼11
(11) Subwoofer livingroom 15∼16
(12) Fridge 85∼252
(13) Gas oven 14∼52
(14) Hoover 500∼2021

Table 14: Result of performance measurement for classification of similar power appliances with adding three multistate appliances.

Metric Similar power appliance based model All appliance based model
Precision 0.955 0.896
Recall 0.948 0.863
Accuracy 0.957 0.911
𝐹1-Score 0.951 0.879

Table 15: Parameters for UK-DALE experiment.

Parameter Method
Input 𝑃, Δ 𝑝
Time step 500
Num. of epochs 3000
Cost function Mean Squared Error
Optimization Adam
Preprocessing 𝑍-Score
Weight init. He initialization
Regularization Dropout

three existing models such as FHMM, Additive FHMM, and
HieFHMM [28, 32]. Among them, HieFHMM is the state-
of-the-art model [34]. Due to few numbers of appliances, the
existing models did not test house 2. Similar to UK-DALE
result, our model has the highest performance in all houses.
In case of house 4, our performance is double compared to
that of state of the art. We can confirm this in Table 19.

6. Conclusions

In this paper, we considered advanced deep learning is new
approach to build state-of-the-art NILM tool. Besides, we
proposed a novel signature to overcome multistate appli-
ance issues in NILM. Furthermore, we give three-problem
statement and then address them as efficiently. By this way,
we perform many experiments for validating the signature
and the architecture of the proposed model. Through our

experimental results, we realized that our model overcomes
the existing problem in energy disaggregation. Via mea-
surement the overall performance, we confirmed that our
model outperformed the previous models. In particular, the
performance of house 4 in REDD dataset is double result
compared to that of state of the art.

In future work, we will focus on a prediction of the power
consumption of each appliance, because this problem is dif-
ferent in classification task. We cannot apply our currently
model to prediction. Hence, we need to modify our model
to generative model. If we can do this, our model could be
applied to gas or water disaggregation. In other words, we
construct the model which is used for the comprehensive
energy management at home.

Abbreviations

NILM: Nonintrusive Load Monitoring
FHMM: Factorial Hidden Markov Model
GPU: Graphics Processing Unit
UK-DALE: UK Domestic Appliance Level Electricity
REDD: Reference Energy Disaggregation Data
HMM: Hidden Markov Model
FSM: Finite State Machine
MP: Markov process
EM: Expectation Maximization
HSMM: Hidden Semi-Markov Model
DHMM: Difference Hidden Markov Model
DBN: Deep Belief Network
RBM: Restricted Boltzmann Machine
AI: Artificial Intelligence
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Table 16: Overall performance of UK-DALE.

House Precision Recall Accuracy 𝐹1-Score
1 0.778 0.752 0.917 0.764
2 0.872 0.756 0.905 0.810
3 0.950 0.856 0.981 0.900
4 0.964 0.972 0.969 0.968
5 0.816 0.878 0.914 0.846
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Figure 17: Power pattern of core2 server.

Table 17: Performance comparison with FHMM (UK-DALE).

House FHMM Our model
1 0.304 0.764
2 0.423 0.810
3 0.495 0.900
4 0.651 0.968
5 0.424 0.846

Table 18: Overall performance of REDD.

House Precision Recall Accuracy 𝐹1-Score
1 0.942 0.959 0.968 0.950
2 0.961 0.943 0.964 0.952
3 0.829 0.840 0.920 0.835
4 0.846 0.867 0.909 0.856
5 0.930 0.893 0.953 0.911
6 0.898 0.954 0.943 0.925

AAT: Automatic Alternative Text
ANN: Artificial Neural Network
tanh: Hyperbolic tangent
MSE: Mean Squared Error
CE: Cross Entropy
GD: Gradient Descent
RNN: Recurrent Neural Network
BPTT: Backpropagation through Time
RTRL: Real Time Recurrent Learning
FFNN: Feed-Forward Neural Network

LSTM: Long Short-TermMemory
PCA: Principal Component Analysis
ReLU: Rectifier Linear Unit
SGD: Stochastic Gradient Decent
RMS: Root Mean Square
STFT: Short Time Fourier Transform
FHSMM: Factorial Hidden Semi-Markov Model
CFHMM: Conditional Factorial Hidden Markov

Model
CFHSMM: Conditional Factorial Hidden

Semi-Markov Model
AFAMAP: Additive Fractional Approximate MAP
VAST: Viterbi Algorithm with Sparse Transitions
MC: Markov chain
CT: Current Transformer
BLUED: Building Level Fully Labeled Data Set for

Electricity Disaggregation
CMU: Carnegie Mellon University
UMASS: University of Massachusetts
HES: Household Electricity Use Study
AMPds: Almanac of Minutely Power Dataset
IIIT: Indraprastha Institute of Information

Technology
iAWE: International Associations for Wind

Engineering
TP: True positive
FP: False positive
TN: True negative
FN: False negative
HieFHMM: Hierarchical Factorial Hidden Markov

Model
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Table 19: Performance comparison with the existing models (REDD).

House FHMM [33] Additive FHMM [34] HieFHMM [34] Our model
1 0.450 0.749 0.854 0.950
3 0.590 0.619 0.834 0.835
4 0.430 0.417 0.424 0.856
5 0.500 0.795 0.796 0.911
6 0.440 0.391 0.820 0.925

Table 20: Appliances for each experiment.

Number of appliances Included appliance
2 Stereo speakers bedroom, i7 desktop
3 Stereo speakers bedroom, i7 desktop, hairdryer
4 Stereo speakers bedroom, i7 desktop, hairdryer, primary tv
5 Stereo speakers bedroom, i7 desktop, hairdryer, primary tv, 24 inch lcd bedroom
6 Stereo speakers bedroom, i7 desktop, hairdryer, primary tv, 24 inch lcd bedroom, treadmill

7 Stereo speakers bedroom, i7 desktop, hairdryer, primary tv, 24 inch lcd bedroom, treadmill,
network attached storage

8 Stereo speakers bedroom, i7 desktop, hairdryer, primary tv, 24 inch lcd bedroom, treadmill,
network attached storage, core2 server

9 Stereo speakers bedroom, i7 desktop, hairdryer, primary tv, 24 inch lcd bedroom, treadmill,
network attached storage, core2 server, 24 inch lcd

10 Stereo speakers bedroom, i7 desktop, hairdryer, primary tv, 24 inch lcd bedroom, treadmill,
network attached storage, core2 server, 24 inch lcd, steam iron

11 Stereo speakers bedroom, i7 desktop, hairdryer, primary tv, 24 inch lcd bedroom, treadmill,
network attached storage, core2 server, 24 inch lcd, steam iron, nespresso pixie

12 Stereo speakers bedroom, i7 desktop, hairdryer, primary tv, 24 inch lcd bedroom, treadmill,
network attached storage, core2 server, 24 inch lcd, steam iron, nespresso pixie, atom pc

13 Stereo speakers bedroom, i7 desktop, hairdryer, primary tv, 24 inch lcd bedroom, treadmill,
network attached storage, core2 server, 24 inch lcd, steam iron, nespresso pixie, atom pc, toaster

14
Stereo speakers bedroom, i7 desktop, hairdryer, primary tv, 24 inch lcd bedroom, treadmill,
network attached storage, core2 server, 24 inch lcd, steam iron,nespresso pixie, atom pc, toaster,
home theatre amp

15
Stereo speakers bedroom, i7 desktop, hairdryer, primary tv, 24 inch lcd bedroom, treadmill,
network attached storage, core2 server, 24 inch lcd, steam iron, nespresso pixie, atom pc, toaster,
home theatre amp, sky hd box

HW: Hamming weight
WISA: International Workshop on Information

Security Applications
MBC: Mask based Block Comb
NCC: Normalized Cross Correlation.
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We use both reinforcement learning and deep learning to simultaneously extract entities and relations from unstructured texts.
For reinforcement learning, we model the task as a two-step decision process. Deep learning is used to automatically capture the
most important information from unstructured texts, which represent the state in the decision process. By designing the reward
function per step, our proposed method can pass the information of entity extraction to relation extraction and obtain feedback in
order to extract entities and relations simultaneously. Firstly, we use bidirectional LSTM to model the context information, which
realizes preliminary entity extraction. On the basis of the extraction results, attention based method can represent the sentences
that include target entity pair to generate the initial state in the decision process. Then we use Tree-LSTM to represent relation
mentions to generate the transition state in the decision process. Finally, we employ 𝑄-Learning algorithm to get control policy𝜋 in the two-step decision process. Experiments on ACE2005 demonstrate that our method attains better performance than the
state-of-the-art method and gets a 2.4% increase in recall-score.

1. Introduction

Information extraction [1] is the task of automatically extract-
ing entities, relations, and events from unstructured texts.
Researchers usually do research on entity extraction, relation
extraction, and event extraction as separated tasks, but in fact
there are important dependencies among tasks. For instance,
entity information can further help relation extraction, so
relation extraction takes the results of entity extraction as
input. If just using a pipelined approach to tackle the above
problem, information from each task cannot interact and
get any feedback. Therefore, we make a detailed study of
joint extraction of entities and relations from unstructured
texts, which can pass the information of entity extraction to
relation extraction and obtain feedback in order to improve
the performance of entity extraction and relation extraction
simultaneously.

In recent years, more and more researchers have applied
deep learning to entity extraction and relation extraction.
Huang et al. [2] proposed a bidirectional LSTM with a CRF
layer (BILSTM-CRF) for sequence tagging, which included
part-of-speech tagging (POS), chunking, and named entity

recognition (NER). Nguyen and Grishman [3] proposed
to combine the traditional feature-based method and the
convolutional and recurrent neural networks for relation
extraction. Deep learning can automatically extract features
of entities and relations between entities to replace the
method of designing features manually. It reduces the depen-
dence of external resources and achieves good performance.

But how to pass entity information to relation extraction
and obtain feedback is the research focus to the task of joint
extraction of entities and relations, whichmeans that we need
an effective combination of different deep learning methods.
To tackle the problem, we use reinforcement learning to
model the task as a two-step decision process. Because it
is difficult to find some measures to directly represent the
state from unstructured texts, we use some deep learning
methods to extract the state in the process. Firstly, we
regard entity extraction as a sequence tagging task and
use bidirectional LSTM to capture the context information,
which preliminarily realizes the tagging of entity state. On the
basis of preliminary results, we use attention based method
to represent the sentences that include target entity pair and
generate the initial state 𝑠1 in the decision process, where the
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Table 1: A sentence in ACE2005 dataset.

Sentence While either divesting or inviting third parties to take a minority stake in the
remaining Entertainment assets.

Entity ID =
“AFP ENG 20030319.0879-E24”

Type = “ORG”
Subtype = “Commercial” third parties

Entity ID =
“AFP ENG 20030319.0879-E25”

Type = “ORG”
Subtype = “Entertainment” Entertainment

Relation ID =
“AFP ENG 20030319.0879-R2”

Type = “ORG-AFF”
Subtype = “Investor-Shareholder”

RefID = “AFP ENG 20030319.0879-E24”
Role = “Arg-1”

RefID = “AFP ENG 20030319.0879-E25”
Role = “Arg-2”

first decision is made. Then we use Tree-LSTM to capture
the most important information of relation mentions and
generate the transition state 𝑠2, where the second decision
is made. The meaning of the two-step decision is as follows:
the first decision is to judge if a sentence that includes target
entity pair is a relation mention according to the preliminary
results of entity extraction; the second decision is to classify
the relationmention into a certain targeted type. By designing
the reward function per step, entity information and relation
information can interact. Finally, we use 𝑄-Learning to get
control policy 𝜋 by maximizing cumulative rewards through
a sequence of actions, which is essentially the mapping from
state to action. In the training process of 𝑄-Learning, all
the parameters are jointly updated, which helps to realize
the joint extraction of entities and relations. We conduct
experiments on ACE2005 dataset and achieve better recall-
score of both entity mentions and relation mentions than
the state-of-the-art method. In the following, we define the
task in Section 2 and present our method in Section 3. Then
we detail an extensive evaluation in Section 4 and finally
conclude in Section 5.

2. Task Definition

Our task is to extract all the entities and relations from
unstructured texts simultaneously. In the section we ran-
domly pick a sentence from ACE2005 dataset to analyze.
The entity mentions and relation mention in the sentence are
shown in Table 1, where Entity ID, Relation ID, and RefID are
the identifications of mentions.

Entity Extraction. It can be taken as a sequence tagging task,
which assigns a tag to each word 𝑠𝑡 in the input sequence𝑆 = [𝑠1, 𝑠2, . . . , 𝑠𝑛]. The tag of a word means a combination
of the entity type it belongs to and the boundary type it
locates within.The boundary types are the Beginning, Inside,
Last, Outside, and Unit of an entity (BILOU scheme). Table 1
shows two entity mentions in the sentence. The first entity
mention is “third parties,” and its entity type is “ORG.” The
second entity mention is “Entertainment,” and its entity type
is “ORG.” ACE2005 dataset defines 7 coarse-grained entity
types, which are “PER” (Person), “ORG” (Organization),
“LOC” (Location), “GPE” (Geo-Political Entities), “FAC”
(Facility), “VEH” (Vehicle), and “WEA” (Weapon).The types
all have their own different subtypes.

Relation Extraction. It is to extract semantic relations of
the targeted types between a pair of entities. Table 1 shows
one relation mention in the sentence, of which the relation
type is “ORG-AFF.” The first entity argument is “third
parties,” and the second entity argument is “Entertain-
ment.” The order of the arguments cannot be changed,
which means the relation type is with direction. ACE2005
dataset defines 7 coarse-grained relation types between enti-
ties, which are “PHYS” (Physical), “PART-WHOLE” (Part-
Whole), “PER-SOC” (Person-Social), “ORG-AFF” (Org-
Affiliation), “ART” (Artifact), “GEN-AFF” (Gen-Affiliation),
and “METONYMY” (Metonymy). Similarly, the types all
have their own different subtypes.

Joint Extraction. It is to extract entities and relations in
a sentence simultaneously. In the process of extraction,
entity information and relation information can interact and
get feedback information. Therefore, the joint extraction is
more practical and different than separated entity extraction
and separated relation extraction. We define and conduct
research on the joint extraction task and present to use both
reinforcement learning and deep learning for the task in the
following section.

3. Our Method

The section combines three deep learning methods in the
decision process of reinforcement learning for the joint
extraction task. Firstly, we describe the two-step decision pro-
cess; then we expound three deep learning methods used in
this paper, that are bidirectional LSTM, attentionmechanism,
and Tree-LSTM; finally, we introduce 𝑄-Learning algorithm
that can get control policy 𝜋.
3.1. Reinforcement Learning. In general, entity extraction is
performed before relation extraction, and its results can
also be taken as the input of relation extraction. Relation
extraction is fundamentally divided into two stages: judge if a
sentence that includes target entity pair is a relation mention;
classify the relation mention into a targeted type. According
to the thoughts, we model the joint extraction task as a two-
step decision process by reinforcement learning. The two
steps correspond to entity extraction and relation extraction
roughly, and the specific flow is shown in Figure 1.
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Figure 1: Two-step decision process.

Reinforcement Learning (RL). It [4] is a commonly used
framework for learning control policies by the agent, through
interacting with its environment.

State. The internal state 𝑆 in the environment consists of the
initial state 𝑠1, the transition state 𝑠2, and the end state 𝑠𝑒.
Because it is difficult to find some appropriate measures to
directly represent the state from unstructured texts, we use
some deep learningmethods to automatically extract features
of texts, which can represent the state in the decision process.
To be specific, we use bidirectional LSTM (Section 3.2)
to realize preliminary entity extraction and use attention
based method (Section 3.3) to generate the initial state 𝑠1 =
Att(𝑋; 𝜃1). In addition, we use Tree-LSTM (Section 3.4) to
generate the transition state 𝑠2 = Tree(𝑋; 𝜃2). The action
taken at 𝑠2 realizes preliminary relation extraction. 𝑋 is the
features of the input sentence; 𝜃1 and 𝜃2 are parameters in
the above models.

Action. There are a set of predefined actions 𝐴 in the
environment: Action 1 𝑎1, Action 2 𝑎2, Action 3 𝑎3, Action
4 𝑎4, and so forth. The first decision judges to take 𝑎1 or 𝑎2.𝑎1 is to judge that a sentence that includes target entity pair is
not a relation mention, and 𝑎2 is to judge that a sentence that
includes target entity pair is a relation mention. The second
decision judges to take 𝑎3 or 𝑎4 . . .. 𝑎3 is to classify the relation
mention into a targeted type, and 𝑎4 is to classify the relation
mention into another targeted type. 𝑅 = 𝑟1, 𝑟2, 𝑟3, 𝑟4, . . .
denotes the reward obtained for each action. The agent takes
an action 𝑎 in state 𝑠 and receives a reward 𝑟 from the
environment. (𝑠1, 𝑎1, 𝑟1, 𝑠𝑒), (𝑠1, 𝑎2, 𝑟2, 𝑠2), (𝑠2, 𝑎3, 𝑟3, 𝑠𝑒), and(𝑠2, 𝑎4, 𝑟4, 𝑠𝑒) denote the transitions of the decision process.

Transition and Reward Function. A state transition tuple(𝑠1, 𝑎1, 𝑟1, 𝑠𝑒) means that the agent takes 𝑎1 at 𝑠1 and then
transits to 𝑠𝑒. If the judgement of 𝑎1 is right, then the agent
receives a reward 𝑟1 = 10; if the judgement of 𝑎1 is wrong,
then set 𝑟1 = −20 to punish the wrong judgement of the first
decision. A state transition tuple (𝑠1, 𝑎2, 𝑟2, 𝑠2)means that the
agent takes 𝑎2 at 𝑠1, then transits to 𝑠2, and receives a reward𝑟2 = 5. A state transition tuple (𝑠2, 𝑎3, 𝑟3, 𝑠𝑒) means that the
agent takes 𝑎3 at 𝑠2 and then transits to 𝑠𝑒. If the judgement of𝑎3 is right, then the agent receives a reward 𝑟3 = 10; if the
judgement on type is wrong, then set 𝑟3 = −10 to punish
the wrong judgement of the second decision; if it is not a
relation mention, then set 𝑟3 = −20. The meaning of other
state transition tuple (𝑠2, 𝑎4, 𝑟4, 𝑠𝑒) and the definition of its
reward function are similar to those of (𝑠2, 𝑎3, 𝑟3, 𝑠𝑒).
3.2. BILSTM. Long Short-Term Memory (LSTM) [5] is a
variant of recurrent neural networks (RNN) designed to cope
with the gradient vanishing problem, and LSTM is very useful
to find and exploit long range dependencies in the data. Now
lots of LSTM variants have been proposed and applied to
natural language processing tasks, such as sentiment analysis,
relation classification, and question answering system. We
use bidirectional LSTM (BILSTM) to model word sequence,
which can efficiently make use of past features and future
features. BILSTM finds the right representation of each word
and assigns a tag of entity state to each word in the input
sequence to realize preliminary entity extraction. BILSTM
mainly consists of three representation layers: embedding
layer, BILSTM layer, and output layer. Figure 2 gives the basic
structure of the BILSTM.
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Figure 2: Basic structure of BILSTM.

3.2.1. Embedding Layer. The embedding layer converts dis-
crete features of each word into continuous features as input
of the BILSTM layer. We do forward and backward for input
sentence, so we need a special treatment at the beginning and
the end of the sequence.

Part-of-speech feature can further help entity extraction,
so we only use word embedding 𝑒𝑡 and part-of-speech
embedding 𝑑𝑡 to represent each word 𝑤𝑡 in the input
sentence, which replace the method of designing features
manually. After passing through the lookup table, the lower-
cased word is mapped to its corresponding embedding. For
word feature, the lookup table is initialized by the publicly
available word embeddings. For part-of-speech feature, the
lookup table is randomly initialized with values drawn from
a uniform distribution. The word embeddings and the part-
of-speech embeddings are allowed to be modified during
training.

We concatenate the word embedding 𝑒𝑡 and the part-
of-speech embedding 𝑑𝑡 of each word 𝑤𝑡 to generate input
feature vector 𝑥𝑡 = [𝑒𝑡, 𝑑𝑡]. The matrix 𝑋 = [𝑥1, 𝑥2, . . . , 𝑥𝑛]
represents the features of the whole sentence, and is passed to
the BILSTM layer, where n is the length of the input sentence.

3.2.2. BILSTM Layer. Basically, each LSTM unit in the
BILSTM layer is composed of three multiplicative gates: an
input gate 𝑖𝑡, a forget gate 𝑓𝑡, and an output gate 𝑜𝑡. The
gates can control the proportions of information to forget
and to pass on to the next time step. In addition, there is
a memory cell 𝑐𝑡 in each LSTM unit, which can keep the
previous state andmemorize the features of the current input
word. Therefore, the data sources of each LSTM unit are as
follows: the feature vector 𝑥𝑡 = [𝑒𝑡, 𝑑𝑡] at time 𝑡, the hidden

state vector ℎ𝑡−1 before time 𝑡 or ℎ𝑡+1 after time 𝑡, and the cell
vector 𝑐𝑡−1. The forward passes are implemented as follows:

𝑖𝑡 = 𝜎 (𝑊𝑥𝑖𝑥𝑡 +𝑊ℎ𝑖ℎ𝑡−1 +𝑊𝑐𝑖𝑐𝑡−1 + 𝑏𝑖) ,
𝑓𝑡 = 𝜎 (𝑊𝑥𝑓𝑥𝑡 +𝑊ℎ𝑓ℎ𝑡−1 +𝑊𝑐𝑓𝑐𝑡−1 + 𝑏𝑓) ,
𝑔𝑡 = tanh (𝑊𝑥𝑐𝑥𝑡 +𝑊ℎ𝑐ℎ𝑡−1 +𝑊𝑐𝑐𝑐𝑡−1 + 𝑏𝑐) ,
𝑐𝑡 = 𝑖𝑡𝑔𝑡 + 𝑓𝑡𝑐𝑡−1,
𝑜𝑡 = 𝜎 (𝑊𝑥𝑜𝑥𝑡 +𝑊ℎ𝑜ℎ𝑡−1 +𝑊𝑐𝑜𝑐𝑡 + 𝑏𝑜) ,
ℎ𝑡 = 𝑜𝑡 tanh (𝑐𝑡) ,

(1)

where 𝑊 are weight matrices, 𝑏 are bias vectors, and their
subscripts have the meaning as the name suggests. 𝜎 denotes
the logistic function.

The backward passes over time are carried out in a similar
way to forward passes. The hidden state vectors of two
directions ℎ𝑡 and ℎ𝑡 are simultaneously computed at time 𝑡
in the BILSTM layer, so we can efficiently make use of past
features and future features for a specific time frame.

3.2.3. Output Layer. We treat entity extraction as a sequence
labeling task. By assigning an entity tag to each word, we
realize preliminary entity extraction on top of the BILSTM
layer. At time 𝑡, we pass the hidden state vectors of two
directions ℎ𝑡 and ℎ𝑡 to a softmax layer.

𝑦𝑡 = softmax (𝑊ℎ𝑦ℎ𝑡 +𝑊ℎ𝑦ℎ𝑡 + 𝑏𝑦) . (2)

Here,𝑊 are weight matrices and 𝑏 is bias vector.
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Figure 3: Attention layer.

3.2.4. Objective Function. Weemploy theViterbi algorithm to
inference the tag sequence𝑇 = [𝑡1, 𝑡2, . . . , 𝑡𝑛] for a given input
sentence𝑊 = [𝑤1, 𝑤2, . . . , 𝑤𝑛]. Tomodel the tag dependency,
we use the transition score A𝑖𝑗 for measuring the probability
of the transformation from tag 𝑖 to tag 𝑗. Thus, the sentence-
level score can be formulated as follows:

𝑠 (𝑊, 𝑇, 𝜃0) =
𝑛∑
𝑖=1

(A𝑡𝑖−1𝑡𝑖 + 𝑦𝑖 (𝑡𝑖)) . (3)

Here, 𝑦𝑖(𝑡𝑖) is the score for choosing tag 𝑡𝑖 for the 𝑖th word
in the input sentence. 𝜃0 is the parameter set of BILSTM.

For a given training instance (𝑊𝑖, 𝑇𝑖), 𝑊𝑖 is a given
sentence and the correct tag sequence for𝑊𝑖 is 𝑇𝑖. We search
for the tag sequence with the highest score:

𝑇∗ = argmax
�̂�

𝑠 (𝑊𝑖, �̂�, 𝜃0) . (4)

Here, �̂� is a predicted tag sequence.
The regularized objective function for 𝑚 training

instances is the loss function 𝐽(𝜃0) including a 𝑙2-norm term:

𝐽 (𝜃0) = 1𝑚
𝑚∑
𝑖=1

𝑙𝑖 (𝜃0) + 𝜆2 𝜃0
2

2 ,
𝑙𝑖 (𝜃0)
= max (0, 𝑠 (𝑊𝑖, �̂�𝑖, 𝜃0) + Δ (𝑇𝑖, �̂�𝑖) − 𝑠 (𝑊𝑖, 𝑇𝑖, 𝜃0)) .

(5)

Here, Δ(𝑇𝑖, �̂�𝑖) is a structured margin loss for predicted
tag sequence �̂�. 𝜆 is an 𝐿2 regularization hyperparameter.

To minimize 𝐽(𝜃0), we use a generalization of gradient
descent called subgradient method [6] which computes a
gradient-like direction.

3.3. Attention Mechanism. Recently, attention mechanisms
have successfully been applied to machine translation [7],

text summarization [8], text comprehension [9], syntactic
constituency parsing [10], relation classification [11], and text
classification [12]. Inspired by those studies, we introduce
attention based method to compute the hidden state vectorsℎ𝑡 and ℎ𝑡 in the BILSTM layer and generate the initial
state 𝑠1 in the decision process. The method can obtain the
information of entity extraction and represent the sentences
that include target entity pair. After the first decision on𝑠1, we realize preliminary entity extraction and get ready
to perform relation extraction. In essence, attention based
method can pass entity information to relation extraction and
obtain feedback information of relation extraction by jointly
updating all the parameters. Attention based method better
integrates entity extraction and relation extraction.

After realizing preliminary entity extraction, we choose
two entities as target entity pair in the sentence 𝑊 =[𝑤1, 𝑤2, . . . , 𝑤𝑛]. The attention layer is depicted in Figure 3.
Let 𝐻 be a matrix consisting of the hidden state vectors[ℎ1, ℎ1, ℎ2, ℎ2, . . . , ℎ𝑛, ℎ𝑛] in the BILSTM layer, and 𝐻 is the
input of the attention layer. Then attention based method
represents the sentence that includes target entity pair as a
weighted sum of these hidden state vectors.

𝐴 = tanh (𝐻) ,
𝛼 = softmax (𝜔𝑇𝐴) ,
𝑠1 = tanh (𝐻𝛼𝑇) .

(6)

Here, 𝛼 is the normalized weight vector and 𝜔 is a
parameter vector. 𝑠1 is the initial state, in which we denote
by 𝑠1 = Att(𝑋; 𝜃1), and 𝜃1 represents all the parameters in
this method.

After generating the initial state 𝑠1, the first decision will
be made to judge if a sentence that includes target entity pair
is a relation mention. We pass 𝑠1 to a softmax output layer
to get 𝑦𝑎, which is the probability of relation mention and
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Figure 4: Dependency tree of a relation mention.

nonrelation for a sentence. Finally, we can determine to take𝑎1 or 𝑎2.
𝑦𝑎 = softmax (𝑊𝑠𝑦𝑠1 + 𝑏𝑦) . (7)

Here,𝑊 is weight matric and 𝑏 is bias vector.
The objective function for 𝑚 training instances is the

negative log-likelihood:

𝐽 (𝜃1) = − 12𝑚
𝑚∑
𝑖=1

𝑡(𝑖)0 log (𝑦(𝑖)𝑎 (0)) + 𝑡(𝑖)1 log (𝑦(𝑖)𝑎 (1))

+ 𝜆2 𝜃1
2

2

(8)

Here, 𝑡(𝑖)0 and 𝑡(𝑖)1 are the one-hot represented ground
truth. 𝑦(𝑖)𝑎 (0) and 𝑦(𝑖)𝑎 (1) are the estimated probability for
relation mention and nonrelation, respectively. 𝜆 is an 𝐿2
regularization hyperparameter.

To minimize 𝐽(𝜃1), we use a simple optimization tech-
nique called stochastic gradient descent (SGD).

3.4. Tree-LSTM. Unlike traditional sequence LSTM, Tree-
LSTM [13] is constructed over a tree structure. As is known
to all, the dependency tree is very useful for analyzing the
relations between words. Two words may be far apart in
the linear structure and separated by many unrelated words
or preposition structure, but they are in hyponymy for the
dependency tree. Therefore, we construct the Tree-LSTM
over the dependency tree to represent relation mentions in a
bottom-up way. Tree-LSTM can extract the core dependency
relation between target entity pair and generate the transition
state 𝑠2 in the decision process. The second decision on 𝑠2
performs preliminary relation extraction.

We take the relationmention “AFP ENG 20030319.0879-
R2” in Table 1 as an example to illustrate, and the two
entity arguments are “third parties” and “Entertainment.”
Firstly, we perform dependency parsing on the relation
mention and generate the dependency tree, as shown in
Figure 4. Instead of using the full mention boundary, we

use head spans for entities directly. The entity head of “third
parties” is “parties,” and the entity head of “Entertainment”
is “Entertainment.” The core dependency relation between
target entity pair is shown by red lines in Figure 4. So we
use dependency tree as a backbone to construct Tree-LSTM.
Moreover, for the convenience of implementation, we prune
or pad dependency trees to keep the same depth and width.

Like BILSTM, each LSTM unit of Tree-LSTM takes
continuous feature vector of a word as input. In addition to
word embedding 𝑒𝑡 and part-of-speech embedding 𝑑𝑡, we
use entity type embedding 𝑡𝑡 and entity position embedding𝑙𝑡, to which entity type feature and entity position feature
are mapped. We can get the entity type features from the
preliminary results of entity extraction and get the entity
position features by computing the relative distances of the
current word to the two entity arguments. Unlike BILSTM,
the LSTM unit does not accept hidden state vectors of the
adjacent words and accept the hidden state vectors of all
children nodes ℎ𝑡𝑘 as input. The Tree-LSTM is developed
from its leaf node in a recursive way up to the root, which
is the common ancestor (“divesting” in Figure 4) of all the
words. Then we carry out nonlinear transformation on the
hidden state vector of the ancestor to generate 𝑠2, which is
the final representation of relation mentions and serves as
the transition state in the decision process. We denote 𝑠2 by𝑠2 = Tree(𝑋; 𝜃2), and 𝜃2 represents all the parameters in the
Tree-LSTM.

After generating the transition state 𝑠2, the second deci-
sion will be made to classify the relation mention into a
targeted type. Then 𝑠2 is passed to a softmax output layer to
get 𝑦𝑟, which is the probability of different types for a relation
mention. Finally, we choose a type with the maximum
probability, which determines to take 𝑎3 or 𝑎4 . . ..

𝑦𝑟 = softmax (𝑊𝑠𝑦𝑠2 + 𝑏𝑦) . (9)

Here, 𝑊 is weight matric and 𝑏 is bias vector. At each
dependency tree, we use a softmax layer to predict the type
for the root node given the inputs 𝑋 observed at its children
nodes.
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Initialize BILSTM, the Attention Layer, and Tree-LSTM with random parameters
𝜂 = 0
Pre-train BILSTM, the Attention Layer, and Tree-LSTM respectively
for epoch = 1, 2, . . . do

for each input sentence𝑋 do
Use the deep learning models above to automatically extract features of𝑋, and generate 𝑠1 and 𝑠2.
for 𝑡 = 1, 2 do𝑟, 𝑠 = the reward and state after taking the action 𝜋(𝑠)𝑎 = 𝜋(𝑠)

Perform gradient descent step:

−𝜕𝐸𝜂𝜕𝜂 = 𝐸[2 (𝑄𝜋 (𝑠, 𝑎) − 𝑄𝜂 (𝑠, 𝑎))
𝜕𝑄
𝜂 (𝑠, 𝑎)
𝜕𝜂 ]

𝑄𝜋 (𝑠, 𝑎) = 1𝑡 𝑟 +
𝑡 − 1
𝑡 𝑄𝜋 (𝑠, 𝑎)

The update rule is

𝜂 = 𝜂 + 𝛼(1𝑡 𝑟 +
𝑡 − 1
𝑡 𝑄𝜂 (𝑠, 𝑎) − 𝑄𝜂 (𝑠, 𝑎))

𝜕𝑄
𝜂
(𝑠, 𝑎)
𝜕𝜂

Where 𝛼 is update step, and 𝑟 is the reward function (Section 3.1), and (𝑠, 𝑎) is the state-action pair of next time.𝜋(𝑠) = argmax
𝑎


𝑄
𝜂
(𝑠, 𝑎)

𝑠 = 𝑠, 𝑎 = 𝑎
end for

end for
end for

Algorithm 1: Training procedure for 𝑄-Learning.

The objective function for 𝑚 training instances is the
negative log-likelihood:

𝐽 (𝜃2) = − 1𝑚
𝑚∑
𝑖=1

log (𝑦(𝑖)𝑟 ) + 𝜆2 𝜃2
2

2 . (10)

Here, 𝑦(𝑖)𝑟 is the estimated probability for the true type
at each root node. The root node of Tree-LSTM is able to
selectively incorporate information from each child. 𝜆 is an𝐿2 regularization hyperparameter.

To minimize 𝐽(𝜃2), we use AdaGrad [14].

3.5.𝑄-Learning. 𝑄-Learning algorithm [15] is a popular form
of reinforcement learning and can be used to learn an optimal
state-action value function 𝑄(𝑠, 𝑎) for the agent. The agent
takes an action 𝑎 in state 𝑠 by consulting 𝑄(𝑠, 𝑎), which is a
measure of the action’s expected long-term reward. The aim
is to maximize some cumulative rewards through a sequence
of actions. As the state space is infinite in the decision process,
it is impractical to obtain 𝑄(𝑠, 𝑎) for all possible state-action
pairs.

For the above challenge, we approximate 𝑄(𝑠, 𝑎) using a
neural network, which can represent 𝑄(𝑠, 𝑎) as a parameter-
ized function 𝑄𝜂(𝑠, 𝑎) = MLP(𝜙(𝑋; 𝜃), 𝑎; 𝜂). 𝜙(𝑋; 𝜃) refers
to 𝑠1 = Att(𝑋; 𝜃1) and 𝑠2 = Tree(𝑋; 𝜃2) above, where 𝜃 can
be obtained by pretraining the deep learning models above
and 𝜂 represents the parameters in the neural network, which
are learnt by performing stochastic gradient descent stepwith
RMSprop [16].

To approximate the real value function 𝑄𝜋 as closely as
possible, we measure the degree of approximation with the
least squares error:

𝐸𝜂 = 𝐸 [(𝑄𝜋 (𝑠, 𝑎) − 𝑄𝜂 (𝑠, 𝑎))2] . (11)

In 𝑄-Learning, we use the estimated value function𝑄𝜂(𝑠, 𝑎) instead of the real value function 𝑄𝜋(𝑠, 𝑎). During
each epoch, the updates of parameters aim to reduce the
discrepancy between the estimation 𝑄𝜂(𝑠, 𝑎) and the expec-
tation 𝑄𝜋(𝑠, 𝑎). The agent starts from a random 𝑄𝜂(𝑠, 𝑎)
and continuously updates its values by making the decisions
and obtaining rewards. Then the agent can maximize its
expected future rewards by choosing the action with the
highest 𝑄𝜂(𝑠, 𝑎). Finally, 𝑄-Learning algorithm gets control
policy 𝜋 in the two-step decision process. Algorithm 1 details
the 𝑄-Learning training procedure.

During the training procedure we pretrain BILSTM, the
attention layer, and Tree-LSTM, respectively. The training
parameters mainly include all the parameters 𝜃0 in BLSTM,
all the parameters 𝜃1 in the attention layer, and all the
parameters 𝜃2 in Tree-LSTM.

The functionality of the attention model in our RL
method is very similar to that of a separate relation men-
tion classification part in a pipeline. We use deep learning
methods to represent words and sentences in the text and
use RL to combine three tasks in the decision process, that
are entity extraction, relation mention classification, and
relation classification. The pipeline architecture just passes
the information of entity extraction to relation extraction and
does not enable information to flow in the global architecture.
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However, our RL method not only combines the above
tasks sequentially but also globally makes decisions. At the
beginning, the decisions have close to a random chance.
After several epochs, they will be stabilizing. Meanwhile,
the parameters in our architecture are globally updated and
eventually converge. Therefore, our RL method can obtain
feedback from decision-making and state changes and enable
information to flow in the global architecture. The attention
model connects entity extraction taskwith relation extraction
task, thus helping us to realize the joint extraction of entities
and relations. Experimental results demonstrate that our RL
method performs slightly better than the pipelinemethod for
both entity extraction and relation extraction, which shows
that we are on the right track.

4. Experiments
4.1. Data. Most previous work has reported results on
ACE2005 data set, so we evaluate our method on ACE2005
for joint extraction of entities and relations. We use three
common metrics to evaluate the performance: micropreci-
sion (𝑃), recall (𝑅), and primary micro 𝐹1-scores (𝐹1). An
entity mention is correct when its entity type and the region
of its head are correct, and a relationmention is correct when
its relation type and both entity arguments are correct.

Data source for English in ACE2005 is as follows: 20%
Newswire (NW), 20% Broadcast News (BN), 15% Broadcast
Conversation (BC), 15% Weblog (WL), 15% Usenet News-
groups/Discussion Forum (UN), and 15% Conversational
Telephone Speech (CTS).The two small subsets UN and CTS
are informal, so we remove them. In addition, in order to
compare with state of the art, we employ the same method as
previous work [17] to split and preprocess the data. Training
set contains 351 documents, development set contains 80
documents, and testing set contains 80 documents.

4.2. Hyperparameters. We set up Python2.7 + Theano +
Cuda7.5 environments to implement our method. We use the
publicly available word embedding Glove [18] to initialize
the word embedding table, and its dimension 𝑛𝑒 is 300.
We fix the dimension of part-of-speech embedding 𝑛𝑑 and
the dimension of entity type embedding 𝑛𝑡 to 50 and fix
the dimension of entity position embedding 𝑛𝑙 to 5. Those
feature embeddings are randomly initialized and allowed to
be modified during training. In addition, we fix the state size
of all the LSTM units to 200 and fix the dimensions of other
hidden layers to 100. We use tanh for the nonlinear function.

We tune hyperparameters using development set to
achieve high 𝐹1. The best hyperparameters are as follows.
Dropout rate [19] is 0.5, minibatch size is 30, the constraint
of max-norm regularization is equal to 3, and initial learning
rate is 0.0005.The reward after each action is described in the
Section 3.1. Therefore, for all the experiments below, we will
directly employ the best hyperparameters.

4.3. Overall Performance. We run experiments to analyze
the effectiveness of the various components of our joint
extraction method.

Firstly, we compare the performance of BILSTM with a
baseline system, LSTM for entity extraction task. We train

Table 2: Performance for entity extraction task.

Method Entity
Score 𝑃 (%) 𝑅 (%) 𝐹1 (%)
LSTM 81.0 78.1 79.5
BILSTM 82.5 79.8 81.1

Table 3: Performance for relation extraction task.

Method Relation
Score 𝑃 (%) 𝑅 (%) 𝐹1 (%)
CNN 63.1 52.9 57.6
Tree-LSTM 63.9 54.1 58.6
RL 63.6 59.4 61.4

models using training set and report models’ performance on
development set in Table 2. The result shows that BILSTM
obtains better performance than LSTM on all evaluation
metrics. Bidirectional model can actually improve the perfor-
mance of sequence tagging task. Therefore, throughout the
experiment, we will use BILSTM to extract entities.

Then, to demonstrate the effectiveness of the relation
extraction component of our method, we carry out exper-
iments on relation extraction when entities are known. We
build a baseline system, CNN. In addition, we parse relation
mentions using the Stanford neural dependency parser [20]
and directly use Tree-LSTM extract relations. On the basis
of Tree-LSTM, we use reinforcement learning method to
control the process of relation extraction. We compare the
performance of the above three methods on development set
in Table 3. The result demonstrates that Tree-LSTM is better
suited to extract relations than CNN, and reinforcement
learning method obtains a substantial gain in recall-score
over Tree-LSTM with 3.7%. Therefore, in the rest of the
experiment, we will use reinforcement learning method
based on Tree-LSTM to extract relations.

Finally, we demonstrate the effectiveness of our joint
extraction method. We build a pipelined system, which
directly connects the entity extraction component and the
relation extraction component above. To be specific, the
pipelined system first trains the entity extraction model and
then builds a separate relation extraction model using the
detected entities. Our joint system is based on the pipelined
system. The joint system uses attention based method to
pass entity information to relation extraction and updates
the parameters in all the components simultaneously dur-
ing the training procedure for 𝑄-Learning, which realizes
the joint extraction of entities and relations. We compare
the performance of the two systems on development set
in Table 4. The result demonstrates that our joint system
slightly improves the performance of entity extraction and
significantly improves the performance of relation extraction.
Therefore, the experiments show that our method is effective
and practical.

Wewill clearly show the process of the above experiments.
Figure 5 shows the average reward after each training epoch.
At the beginning of training, the reward is negative, because
the agent takes actions randomly. But with the increase
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Table 4: Performance of two extraction systems.

Method Entity Relation
Score 𝑃 (%) 𝑅 (%) 𝐹1 (%) 𝑃 (%) 𝑅 (%) 𝐹1 (%)
Pipeline 82.5 79.8 81.1 60.2 43.9 50.8
Joint 83.6 80.4 82.0 60.6 45.9 52.2
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Figure 5: Learning curve of average reward.

of epoch number, the reward improves gradually. Figure 6
shows the learning curves of the performance for entity
extraction and relation extraction. The 𝐹1-score in both (a)
and (b) increases simultaneously. From the two figures, we
can clearly see that all the metrics significantly improve and
then stabilize after 13 epochs of training. Sowe set the number
of training epochs as 13.

4.4. Comparison with State of the Art. Now deep learning
methods achieve state-of-the-art performance in end-to-
end relation extraction task. Miwa and Bansal [21] stacked
bidirectional tree-structured LSTM-RNNs on bidirectional
sequential LSTM-RNNs to extract entities and relations
between them, which could capture both word sequence and
dependency tree substructure information. The method is
denoted by SPTree. Table 5 compares our joint extraction
method with SPTree on the testing set and shows that our
method performs slightly better than SPTree for both entity
mentions and relationmentions. Although ourmethod is not
comparable with SPTree in precision-score, our method out-
performs the best results of SPTree in recall-score. The main
reason is that the reward after each action in reinforcement
learning may play an important role.

4.5. Analysis. We pretrain the attention model which is
used for relation mention classification. Relation mention
classification is always processed in a very unbalanced corpus,
where most sentences are not a relation mention. From
Figure 7, we see that the SGD algorithm gets to the minimum
objective fast, but the objective function’s value is a bit high.
Thatmeans that during the pretraining of the attentionmodel
there would be a huge loss. The parameters in the attention
layer are updated to accepted values, which are prepared for𝑄-Learning. When we do 𝑄-Learning, we learn a stacked
MLP on top of the attention model (without softmax output
layer). From Figure 7, we see that 𝑄-Learning takes more
epochs to converge but reduces the value of the objective

Table 5: Comparison with state of the art.

Method Entity Relation
Score 𝑃 (%) 𝑅 (%) 𝐹1 (%) 𝑃 (%) 𝑅 (%) 𝐹1 (%)
SPTree 85.5 81.2 83.3 65.8 42.9 51.9
Joint 85.0 82.4 83.7 65.9 45.3 53.7

function in the first stage of the MDP. That means that
our reinforcement learning method is effective despite the
huge loss and poor initialization in the pretraining of the
attention model. Moreover, Figure 8 shows the learning
curves of the performance for relationmention classification.
We can see that our reinforcement learningmethod gets good
performance in the 𝐹1-score, which is also a proof of our
effectiveness.

5. Related Work

As for joint extraction of entities and relations, the research
has been dominated by four methods. The first one is
structured prediction. Li and Ji [17] presented an incremental
joint framework to simultaneously extract entity mentions
and relations using structured perceptron with efficient
beam-search. The second one is integer linear programming.
Dan and Yih [22] studied global inference for entity and
relation identification via a linear programming formulation.
The third one is card-pyramid parsing. Kate and Mooney
[23] presented a new method for joint entity and relation
extraction using card-pyramid parsing. The last one is global
probabilistic graphical models. Yu and Lam [24] jointly
identified entities and extracted relations in encyclopedia text
via a graphical model approach.

Recently, deep learning methods have been widely used
in many research areas with the aim of reducing the number
of handcrafted features. However, the only work of end-to-
end (joint) extraction of relations between entities with deep
learning methods is due to Miwa and Bansal [21], and most
researchers simply solve entity extraction, relation classifi-
cation, or relation extraction separately. Chiu and Nichols
[25] presented a novel neural network architecture for named
entity recognition, which automatically detected word- and
character-level features using a hybrid bidirectional LSTM
and CNN architecture. Zhang et al. [26] proposed bidirec-
tional long short-termmemory networks (BLSTM) to model
the sentence with complete, sequential information about all
words for relation classification. Nguyen and Grishman [27]
departed from these traditional approaches with complicated
feature engineering by introducing a convolutional neural
network for relation extraction.

At present, the research of reinforcement learning has
risen. El-Laithy and Bogdan [28] presented a reinforcement
learning framework for spiking networks with dynamic
synapses. Mousavi et al. [29] discussed the notion of con-
text transfer in reinforcement learning tasks. However, few
researchers apply reinforcement learning in text processing
tasks. We use both reinforcement learning and deep learning
to simultaneously extract entities and relations from unstruc-
tured texts. To the best of our knowledge, there has been no
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work on employing reinforcement learning for information
extraction so far. This paper is the first attempt to fill in that
gap and provides a good thinking way for future research in
this area.

6. Conclusions

In this paper we define and research the joint extraction
of entities and relations. We model the task as a two-step
decision process in reinforcement learning. In addition, we
use deep learning methods to represent the state in the
decision process. Attention based method can pass entity
information to relation extraction task. During the training
procedure for 𝑄-Learning, all the parameters are updated
simultaneously to realize the interaction and feedback of
entity information and relation information. The reward
after each action in reinforcement learning apparently helps
to improve the recall-score. Under the same experimental
conditions, our method outperforms the state-of-the-art
method in𝐹1-score of entitymentions and relationmentions.
In future work, we plan to perfect the model of the two-step
decision process and optimize the 𝑄-Learning algorithm.
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Automatic and accurate estimation of disease severity is essential for food security, disease management, and yield loss prediction.
Deep learning, the latest breakthrough in computer vision, is promising for fine-grained disease severity classification, as the
method avoids the labor-intensive feature engineering and threshold-based segmentation. Using the apple black rot images in
the PlantVillage dataset, which are further annotated by botanists with four severity stages as ground truth, a series of deep
convolutional neural networks are trained to diagnose the severity of the disease. The performances of shallow networks trained
from scratch and deep models fine-tuned by transfer learning are evaluated systemically in this paper. The best model is the deep
VGG16model trained with transfer learning, which yields an overall accuracy of 90.4% on the hold-out test set.The proposed deep
learning model may have great potential in disease control for modern agriculture.

1. Introduction

The plant diseases are a major thread to losses of modern
agricultural production. Plant disease severity is an important
parameter to measure disease level and thus can be used to
predict yield and recommend treatment. The rapid, accurate
diagnosis of disease severity will help to reduce yield losses
[1]. Traditionally, plant disease severity is scored with visual
inspection of plant tissue by trained experts. The expensive
cost and low efficiency of human disease assessment hinder
the rapid development of modern agriculture [2]. With the
population of digital cameras and the advances in computer
vision, the automated disease diagnosis models are highly
demanded by precision agriculture, high-throughput plant
phenotype, smart green house, and so forth.

Inspired by the deep learning breakthrough in image-
based plant disease recognition, this work proposes deep
learningmodels for image-based automatic diagnosis of plant
disease severity. We further annotate the apple healthy and
black rot images in the public PlantVillage dataset [3] with
severity labels. To explore the best network architecture and
training mechanism, we train shallow networks of different
depth from scratch and fine-tune the pretrained state-of-
the-art deep networks. The models’ capabilities of correctly

predicting the disease severity stage are compared. The best
model achieves an accuracy of 90.4% on the hold-out test set.
Our results are a first step towards the automatic plant disease
severity diagnosis.

An overview of the rest of the paper is as follows: Section 2
reviews the literature in this area, Section 3 presents the
deep learning proposal, Section 4 describes themethodology,
Section 5 presents achieved results and related discussions,
and, finally, Section 6 holds our conclusions.

2. Related Work

Various studies have found that image-based assessment
approaches produce more accurate and reproducible results
than those obtained by human visual assessments. Stewart
andMcDonald [4] used an automated image analysismethod
to analyze disease symptoms of infected wheat leaves caused
by Zymoseptoria tritici. This method enabled the quantifi-
cation of pycnidia size and density, along with other traits
and their correlation, which provided greater accuracy and
precision compared with human visual estimates of viru-
lence. Barbedo [5] designed an image segmentation method
tomeasure disease severity inwhite/black background,which
eliminated the possibility of human error and reduced time
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taken to measure disease severity. Atoum et al. [6] proposed
a novel computer vision system, Cercospora Leaf Spot (CLS)
Rater, to accurately rate plant images in the real field to
the United States Department of Agriculture (USDA) scale.
The CLS Rater achieved a much higher consistency than
the rating standard deviation of human experts. Many of
these image-based assessment approaches for plant diseases
share the same basic procedure [5–13]. Firstly, preprocessing
techniques are employed to remove the background and
segment the lesion tissue of infected plants. After that, dis-
criminative features are extracted for further analysis. At last,
supervised classification algorithms or unsupervised cluster
algorithms are used to classify features according to the
specific task. Along with advances in computer science, many
interactive tools are developed. The Assess [14] is the most
commonly used and also the discipline-standard program to
estimate disease severity.The Leaf Doctor app [15], developed
as an interactive smartphone application, can be used on
color images to distinguish lesion areas from healthy tissues
and calculate percentage of disease severity. The application
achieved even higher accuracy than the Assess.

But these aforementioned plant disease severity estima-
tion approaches are semiautomatic because they depend
heavily on series of image-processing technologies, such as
the threshold-based segmentation of the lesion area and
hand-engineered features extraction. There is usually great
variance in color both between lesions of different diseases
and between lesions from the same disease at different stages.
Therefore, it is very difficult to determine the appropriate seg-
mentation threshold for plant disease images without human
assistance. What is more, the time consuming hand-crafted
feature extraction should be performed again for new style
images. To the best of our knowledge, completely automatic
image-based plant disease severity estimation method using
computer vision has not yet been reported.

The deep learning approach leads a revolution in speech
recognition [16], visual object recognition [17], object detec-
tion [18, 19], and many other domains such as drug discov-
ery [20], genomics [21], and building reorganization [22].
Deep learning is very promising for automatically grading
plant disease severity. Recently, there have been some works
using deep learning method for plant species identification
and plant disease identification. The recent years of the
well-known annual plant species identification campaigns
PlantCLEF [23] were performance-wise dominated by deep
learning methods. Choi [24] won the PlantCLEF 2015 by
using the deep learning model GoogleNet [25] to classify
1000 species. Mehdipour Ghazi et al. [26] combined the
outputs of GoogleNet and VGGNet [27] and surpassed the
overall validation accuracy of [24]. Hang et al. [28] won the
PlantCLEF 2016 by the enhanced VGGNet model. For plant
disease identification, Sladojevic et al. [29] created a dataset
with more than 3,000 images collected from the Internet and
trained a deep convolutional network to recognize 13 different
types of plant diseases out of healthy leaves. Mohanty et
al. [30] used a public dataset PlantVillage [3] consisting of
54,306 images of diseased and healthy plant leaves collected
under controlled conditions and trained a deep convolutional
neural network to identify 14 crop species and 26 diseases.

In comparison with classification among different diseases,
the fine-grained disease severity classification is much more
challenging, as there exist large intraclass similarity and
small interclass variance [31]. Deep learning avoids the labor-
intensive feature engineering and threshold-based segmenta-
tion [32], which is promising for fine-grained disease severity
classification.

3. Deep Learning Proposal

3.1. Deep Convolutional Neural Network. To explore the
best convolutional neural network architecture for the fine-
grained disease severity classification problem with few
training data, we compare two architectures, namely, building
a shallow network from scratch and transfer learning by fine-
tuning the top layers of a pretrained deep network.

The shallow networks consist of only few convolutional
layers with few filters per layer, followed by two fully con-
nected layers, and endwith a softmaxnormalization.We train
shallow networks of 2, 4, 6, 8, and 10 convolutional layers.
Each convolutional layer has 32 filters of size 3 × 3, a Rectified
Linear Units (ReLU) activation, and all layers are followed by
a 2 × 2 max-pooling layer, except for the last convolutional
layer, which has 64 filters. The first fully connected layer has
64 units with a ReLU activation and is followed by a dropout
layer with a dropout ratio of 50%. The last fully connected
layer has 4 outputs, corresponding with the 4 classes, which
feed into the softmax layer to calculate the probability output.

3.2. Transfer Learning. It is notable that the amount of images
we can learn from is quite limited. Transfer learning is a useful
approach to build powerful classification network using few
data, by fine-tuning the parameters of a network pretrained
on a large dataset, such as ImageNet [26]. Although the dis-
ease severity classification is targeted for finer grained image
category classification problem compared to the ImageNet,
the lower layers only encode simple features, which can be
generalized to most computer vision tasks. For example,
the first layer only represents direction and color, and the
visualization of activations in the first layer of VGG16 model
is shown in Figure 1. Though not trained on the plant disease
dataset, themodel can be activated against the diseased spots,
the leaf, and the background.

For transfer learning, we compare the VGGNet [27],
Inception-v3 [33], and ResNet50 [17] architectures. VGGNet
and the original Inception architecture GoogleNet yielded
similar high performance in the 2014 ImageNet Large Scale
Visual Recognition Challenge (ILSVRC), and ResNet won
the first place of the challenge in 2016. The VGGNet involves
16 (VGG16) and 19 (VGG19) weight layers and shows a
significant improvement on prior configurations by using an
architecture with very small convolution filters. The original
Inception architecture GoogleNet combines the network-in-
network approach and the strategy of using a series of filters
of different sizes to handle multiple scales. The Inception-v3
is an improved Inception architecture which can be scaled
up with high computational efficiency and low parameter
count. ResNet is built up by stacking residual building blocks.
Each building block is composed of several convolutional
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(a)

(b)

Figure 1: Visualization of activations for an input image in the first
convolutional layer of the pretrained VGG16 model: (a) original
image; (b) the first convolutional layer output.

layers with a skip connection. It lets each stacked layer fit a
residual mapping, while skip connections carry out identity
mapping. It is easier to optimize the residual mapping than
to optimize the original mapping. The architecture solves the
degeneration problem: as stacking more layers, the accuracy
gets saturated and then degrades rapidly. ResNet50 is the 50-
layer version of the network.

4. Material and Experiment

4.1. Data Material. The PlantVillage is an open access
database of more than 50,000 images of healthy and diseased
crops, which have a spread of 38 class labels. We select the
images of healthy apple leaves and images of apple leaf black
rot caused by the fungus Botryosphaeria obtusa. Each image
is assessed into one class by botanists: healthy stage, early
stage, middle stage, or end stage. The healthy-stage leaves are
free of spots. The early-stage leaves have small circular spots
with diameters less than 5mm.The middle-stage leaves have
more than 3 spots with at least one frog-eye spot enlarging to

Table 1: The number of samples in training and test sets.

Class Number of images for
training

Number of images
for testing

Healthy stage 110 × 12 27 × 12
Early stage 108 29
Middle stage 144 36
End stage 102 23

irregular or lobed shape. The end-stage leaves are so heavily
infected that will drop from the tree. Each image is examined
by agricultural experts and labeled with appropriate disease
severity. 179 images which are inconsistent among experts are
abandoned. Figure 2 shows some examples of every stage.
Finally, we get 1644 images of healthy leaves, 137 early-stage,
180 middle-stage, and 125 end-stage disease images.

As healthy leaves aremuchmore than the diseased leaves,
there is much difference in the number of samples per class.
Thenumber of samples per class should be balanced to reduce
the bias the networkmay have towards the healthy-stage class
with more samples. Our strategy of balancing is as follows:
for early stage, middle stage, and end stage, about 80% of
the images are used as the training set and the left 20% are
the hold-out test set. For healthy-stage leaves, the images
are divided into 12 clusters, with 110 images in each cluster
on average for training. 27 images are left for testing. The
final accuracy is estimated by averaging over 12 runs on the
clusters. As the PlantVillage dataset hasmultiple images of the
same leaf taken from different orientations, all the images of
the same leaf should be either in the training set or in the test
set. Table 1 shows the number of images used as training and
test sets for each class.

4.2. Image Preprocessing. The samples in the PlantVillage
dataset are arbitrarily sized RGB images. Thanks to the
powerful end-to-end learning, deep learning models only
need 4 basic image preprocessing steps. Images are processed
according to the following stages: firstly, we resize all the
images to 256× 256 pixels for shallow networks, 224× 224 for
VGG16, VGG19, and ResNet50, and 299 × 299 for Inception-
V3. We perform both the model optimization and prediction
on these rescaled images. Secondly, all pixel values are divided
by 255 to be compatible with the network’s initial values.
Thirdly, sample-wise normalization is performed. Normal-
ization can significantly improve the efficiency of end-to-
end training. The normalization is performed as follows: for
each input 𝑥, we calculate the mean value 𝑚𝑥 and standard
deviation 𝑠𝑥 and then transform the input to 𝑥 = (𝑥 −
𝑚𝑥)/𝑠𝑥, so that the individual features more or less look like
standard normally distributed data with zero mean and unit
variance. Finally, several random augmentations including
random rotation, shearing, zooming, and flipping are applied
to the training images.The augmentation prevents overfitting
and makes the model generalize better.

4.3. Neural Network Training Algorithm. The basic architec-
ture in the convolutional neural network begins with several
convolutional layers and pooling layers, followed by fully
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Figure 2: Sample leaf images of the four stages of apple black rot: (a) healthy stage, (b) early stage, (c) middle stage, and (d) end stage.

connected layers. For an input𝑥 of the 𝑖th convolutional layer,
it computes

𝑥𝑖𝑐 = ReLU (𝑊𝑖 ∗ 𝑥) , (1)

where ∗ represents the convolution operation and 𝑊𝑖 rep-
resents the convolution kernels of the layer.𝑊𝑖 = [𝑊

1

𝑖
,𝑊2
𝑖
,

. . . ,𝑊𝐾
𝑖
], and 𝐾 is the number of convolution kernels of the

layer. Each kernel𝑊𝐾
𝑖
is an𝑀 ×𝑀 × 𝑁 weight matrix with
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𝑀 being the window size and 𝑁 being the number of input
channels.

ReLU represents the rectified linear function ReLU(𝑥) =
max(0, 𝑥), which is used as the activation function in our
models, as deep convolutional neural networks with ReLUs
train several times faster than their equivalents with saturat-
ing nonlinearities.

A max-pooling layer computes the maximum value over
nonoverlapping rectangular regions of the outputs of each
convolution kernel. The pooling operation enables position
invariance over larger local regions and reduces the output
size.

Fully connected layers are added on top of the final
convolutional layer. Each fully connected layer computes
ReLU(𝑊fc𝑋), where 𝑋 is the input and 𝑊fc is the weight
matrix for the fully connected layer.

The loss function measures the discrepancy between the
predicted result and the label of the input, which is defined as
the sum of cross entropy:

𝐸 (𝑊) = −1
𝑛

𝑛

∑
𝑥𝑖=1

𝐾

∑
𝑘=1

[𝑦𝑖𝑘 log𝑃 (𝑥𝑖 = 𝑘)

+ (1 − 𝑦𝑖𝑘) log (1 − 𝑃 (𝑥𝑖 = 𝑘))] ,

(2)

where𝑊 indicates the weight matrixes of convolutional and
fully connected layers, n indicates the number of training
samples, i is the index of training samples, and 𝑘 is the index
of classes. 𝑦𝑖𝑘 = 1 if the 𝑖th sample belongs to the kth class;
else 𝑦𝑖𝑘 = 0. 𝑃(𝑥𝑖 = 𝑘) is the probability of input 𝑥𝑖 belonging
to the kth class that the model predicts, which is a function of
parameters𝑊. So the loss function takes𝑊 as its parameters.

Network training aims to find the value of 𝑊 that
minimizes the loss function 𝐸. We use gradient descent
algorithm where𝑊 is iteratively updated as

𝑊𝑘 = 𝑊𝑘−1 − 𝛼
𝜕𝐸 (𝑊)
𝜕𝑊
, (3)

where 𝛼 is the learning rate, which is a very important
parameter that determines the step size of the learning. The
value of learning rate should be carefully evaluated.

We use early stopping as the training stop strategy to stop
training when the network begins to overfit the data. The
performance of the network is evaluated at the end of each
epoch using the test set. If the loss value of the test set stops
improving, the network will stop training.

To prevent overfitting, the transfer learning is conducted
as follows: fully connected layers are replaced with a new one
and only fine-tune the top convolutional block for VGG16
and VGG19, the top two inception blocks for Inception-
v3, and the top residual block for ResNet50, along with
the new fully connected layers. To avoid triggering large
gradient updates to destroy the pretrained weights, the new
fully connected network should be initialized with proper
values rather than with random values. So firstly we freeze
all layers except the new fully connected network. The new
fully connected network is trained on the output features
of the final convolutional layer. The weights learned from
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Figure 3: Accuracies of shallow networks.

training are initial values for fine-tuning. After that, the top
convolutional block for VGG16 and VGG19, the top two
inception blocks for Inception-v3, and the top residual block
for ResNet50 are unfreezed and then trained along with the
new fully connected network with a small learning rate.

The parameters for training shallow networks and fine-
tuning pretrained models are presented in Table 2. Besides, a
learning rate schedule is employed.The initial learning rate is
dropped by a factor of 10 every 50 epochs for training shallow
networks with less than 6 convolutional layers and fine-
tuning deep networks. And it dropped by 10 every 100 epochs
for shallow networks with 6 or more convolutional layers.
Because the network goes deeper, it needsmore training steps
to converge.

4.4. Implementation. The experiment is performed on an
Ubuntu workstation equipped with one Intel Core i5 6500
CPU (16GB RAM), accelerated by one GeForce GTX TITAN
X GPU (12GB memory). The model implementation is
powered by the Keras deep learning framework with the
Theano backend.

5. Result and Discussion

Figure 3 shows the training and testing accuracies of shallow
networks trained from scratch. Each bar represents the
average result of 12 runs. Both training and test accuracies
improve slightly with the depth of the model at first. The best
performance, that is, a test accuracy of 79.3%, is achieved by
the network with 8 convolutional layers. But the accuracies
fall when the network’s depth exceeds 8, as there are insuffi-
cient training data for models with too many parameters. To
circumvent this problem, transfer learning is applied to the
state-of-the-art deep models.

The results of fine-tuning the ImageNet pretrained mod-
els are reported in Figure 4. Each bar represents the average
result of 12 runs. The overall accuracy on the test set we
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Table 2: The hyperparameters of training.

Parameters Learning from scratch Transfer learning
Training fully connected layers Fine-tuning

Training algorithm SGD RMSP SGD
Learning rate 0.01 0.01 0.0001
Batch size 32
Early stopping 10 epochs

Table 3: Confusion matrix for the prediction of VGG16 model trained with transfer learning.

Predicted

Ground truth

Healthy stage Early stage Middle stage End stage
Healthy stage 27 0 0 0
Early stage 0 27 2 0
Middle stage 0 5 30 1
End stage 0 0 3 20
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Figure 4: Accuracies of the state-of-the-art extreme deep models
trained with transfer learning.

obtained varies from 80.0% to 90.4%. The performance of
fine-tuned models is superior to that of models trained from
scratch. The best result is achieved by the VGG16 model,
with an accuracy of 90.4%. The results indicate that transfer
learning alleviates the problem of insufficient training data.

For comparison, an ANN model is trained by SGD
optimizer end-to-end on the training set. A test accuracy of
31% is achieved, which is basically random guessing.Without
the convolutional feature extractor, the ANN cannot extract
local correlations and learn discriminative features from the
images.

The confusion matrix of the VGG16 model on the hold-
out test set is shown in Table 3. The fraction of accurately
predicted images for each of the four stages is displayed in
detail. All of the healthy-stage leaves are correctly classified.

The accuracies of early stage and end stage are 93.1% and
87.0%, respectively. Middle stage is prone to be misclassified,
with an accuracy of 83.3%. However, the misclassified stages
are only confused with their adjacent stages. For example, the
early stage is only confused with the middle stage, and none
of early-stage is classified as end stage.

From the results displayed in Figure 4, it is notable that
the training accuracies of deep networks are close to 100%and
trigger the early stopping. Since deep learning is data-driven,
training on more data will further increase the test accuracy.
It is also important to note that the best performance is
achieved by the VGGNet. The result is consistent with that
of [26, 28], where the VGGNet showed better performance
in the PlantCLEF plant identification task. Though ResNet
achieved state-of-the-art result on the ImageNet dataset, it
performs poorer than VGGNet on fine-grained classification
tasks. The SGD optimizer might put the residual mapping in
building blocks of ResNet to zero too early, which leads to a
local optimization and results in the poor generalization in
fine-grained classification.

6. Conclusion

This work proposes a deep learning approach to automat-
ically discover the discriminative features for fine-grained
classification, which enables the end-to-end pipeline for
diagnosing plant disease severity. Based on few training
samples, we trained small convolutional neural networks
of different depth from scratch and fine-tuned four state-
of-the-art deep models: VGG16, VGG19, Inception-v3, and
ResNet50. Comparison of these networks reveals that fine-
tuning on pretrained deep models can significantly improve
the performance on few data. The fine-tuned VGG16 model
performs best, achieving an accuracy of 90.4% on the test set,
demonstrating that deep learning is the new promising tech-
nology for fully automatic plant disease severity classification.

In future work, more data at different stages of different
diseases will be collected with versatile sensors, like infrared
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camera and multispectral camera. The deep learning model
can be associated with treatment recommendation, yield
prediction, and so on.
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With the popular use of geotagging images, more and more research efforts have been placed on geographical scene classification.
In geographical scene classification, valid spatial feature selection can significantly boost the final performance. Bag of visual
words (BoVW) can do well in selecting feature in geographical scene classification; nevertheless, it works effectively only if the
provided feature extractor is well-matched. In this paper, we use convolutional neural networks (CNNs) for optimizing proposed
feature extractor, so that it can learn more suitable visual vocabularies from the geotagging images. Our approach achieves better
performance than BoVW as a tool for geographical scene classification, respectively, in three datasets which contain a variety of
scene categories.

1. Introduction

Geographical scene classification can effectively facilitate the
environmental management, indoor and outdoor mapping,
and other analysis in dealingwith spatial data. Spatial features
have been proven to be useful in improving the representation
of the image and increasing classification accuracies. In
practice, a widely used method named bag of visual words
(BoVW) finds the collection of local spatial features in the
images and combining appearance and spatial information
of images. The traditional BoVWmodel tends to require the
identification of the spatial features of each pixel with a small
number of training samples. However, despite the fact that
their advantages have been proven in small data sets, their
performance is variable and less satisfactory while dealing
with large datasets due to the complexity and diversity of
landscape and land cover pattern. Therefore, it is a challenge
to obtain higher interpretation accuracies when dealing with
increased geographical imagery.

To overcome these drawbacks, we combined the CNN-
based spatial features and the BoVW-based image interpreta-
tion into geographical scene classification.The convolutional
neural network (CNN) is a biologically inspired trainable
architecture that can learn multilevel hierarchies of features,
which perfectly meet the demand of feature learning tasks.

With multiple layers, the input images’ geographical features
can be extracted and generated hierarchically and then
expressed as geotags. Owing to the special architecture of
CNN, the features learned by the networks are invariant to
translation, scaling, tilting, and other forms of distortion of
input images, reducing the influence of the deformation of
the same geologic structure.

In detail, we utilize the invariance property of BoVW
model. At the same time, the methods of preprocessing
the geographic scene were taken, and the adaptability of
the network structure was modified, so as to improve the
generalization ability of the classificationmodel.We combine
theCNN-based feature extractorwith theBoVW-based scene
classification method in this study. The use of the CNN here
helps us to look for the appropriate spatial feature extractors
for BoVW more adaptively and methodically. The spatial
features are obtained by training CNN of the original data
set. The strategy of combining the BoVW with CNN-based
feature extractor can well reveal the intrinsic properties of
original data. And the experimental results show that the
proposed method is more invariant to various transforma-
tions, which produces a much higher level representation of
richer information and achieves superior performance at the
geographic scene classification.
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2. Related Works

Local feature descriptor has been widely used in the scene
classification task, as it is a fundamental element for the
low-level image representation. Over the past decade, con-
siderable efforts have been devoted to designing appropriate
feature descriptors for scene classification. As early as 2004,
Csurka and other scholars [1] first formally proposed a visual
word packet model algorithm for image scene classification.
Good performance is achieved by using the local features
in scene classification algorithm [2, 3]. Later Lazebnik et al.
[4] proposed SPM (spatial pyramidmatching) based on SIFT
features, and the SIFT features in the scene classification had
achieved a good performance. The GIST features proposed
by Oliva and Tarralba [5] are to capture the spatial structure
characteristics of the scene and ignore the subtle texture
information of the objects or backgrounds contained in the
image. In addition to using the label category level, the
algorithm based on local feature can also use the bounding
box information of the image [6].These partial image features
can be viewed as an expansion of image features from the
lower tomid-level semantic features; what ismore, thesemid-
level features can be obtainedwithmore information of visual
elements [7].

However, when the image type reaches over thousands
of categories and the database capacity exceeds one million,
the huge amount of data usually becomes difficult for the
traditionalmethod based on low-level features and high-level
semantics; fortunately, the deep learning method based on
large data has a better performance. In particular, the deep
convolutional neural network has made a new breakthrough
in scene classification tasks. CNNs are multilayer classes of
deep learning models that use a single neural network to
train the end-to-end pixel values from the original image to
the output of classifier. Compared with the traditional neural
network, CNN is more suitable for displaying the spatial
structure of the image. Convolution corresponds to the local
features of the image and pooling makes the feature obtained
by convolution with translation invariance.The idea of CNNs
was firstly introduced in [8], improved in [9], and refined
and simplified in [10, 11]. The latest state of the art in image
classification is theGoogLeNet, a deepCNNwhichhas 22 lay-
ers [12]. Convolutional neural networks are very effective at
learning image representations with shift-invariant features,
directly from an original input image without any handmade
feature extraction [13].Thus, the application of convolutional
neural network is more extensive, and its powerful ability of
feature recognition has been fully reflected. The pretraining
of CNNs in large databases (such as ImageNet) can be used
as a universal feature extractor, which can be applied to other
visual recognition tasks, and is far better than the method
of manual feature design [14–18]. For larger datasets with
very high spatial and spectral resolution, the deep learning
frameworks seem to be suitable and more efficient in solving
hyperspectral image classification [19–21]. In order to reduce
the gap between naive feature extraction andmethods relying
on domain expertise, Vakalopoulou et al. [22] present an
automated feature extraction scheme based on deep learning.
And by integrating additionally spectral information during

the training procedure, the calculated deep features can
account for the building to not-building object discrimi-
nation [23]. Furthermore, Zuo et al. [18] propose a deep
learning based approach that encodes pixels spectral and
spatial information for hyperspectral data classification.

Although the chain structure of CNN had been used
to solve the general rough classification problem, it did not
do well in the geographic scene classification. The global
representation of the coded representation is invariant to
various transformations, but it has lost the spatial informa-
tion. The representation of convolutional feature is more
discriminative than the fully connected feature [24], and it is
more sensitive to translation, rotation, and scalation [25]. In
recent years, some traditional methods have been introduced
into deep learning models, such as SVM, which is applied to
CNN, and the CNN-SVM method [26] is proposed. Com-
pared with the original model, the classification performance
is improved, and it is proved that SVM as a classifier of
depth model is very feasible. He et al. [27] found that in
depth training convolutional neural network needs a uniform
size and uniform size of image zoom will cause image or
cutting deformation; theymade the space of pyramid (Spatial
pyramid Pooling, SPP polymerization).The aggregation layer
can unify the output characteristics of different sizes to a
uniform size, which is convenient to connect to the final fully
connection layer. Cimpoi et al. [24] used the pretrained CNN
on the PLACES database to extract the MIT-67 database of
the convolutional feature and the whole connection feature
and then used the linear SVM for classification. It turned out
that the BoVW, VLAD, and Fisher Vectors coding method
based on the convolutional feature can effectively improve
the global representation of the image. However, in the study
of An et al. [10], BoVW is on the invariance to image
translation, rotation, and zoom, but the dictionary in the
BoVW model is unsupervised learning (such as 𝑘-means)
and it is unable to obtain the optimal dictionary adaptive
classification task. BoVW model of unsupervised learning
(such as 𝑘-means clustering) is relatively independent with
convolutional features of supervised learning, and it could
not obtain the optimal dictionary for adaptive classifica-
tion tasks. Generally speaking, our method develops the
hierarchical feature learning structure, which gets superior
performance at the geographic scene classification.

3. Proposed Approach

As discussed above, geographical scene classification aims at
categorizing images according to spatial semantic property.
In the view of geographical scene classification, the semantics
of images are relationships and difference among different
geographical features. Generally speaking, ourmethod devel-
ops the multilevel hierarchical feature learning structure,
which gets superior performance at the geographical scene
classification.

3.1. Overview. As is shown in Figure 1, we firstly use convolu-
tional neural networks (CNNs) for optimizing proposed fea-
ture extractor to get more information from the geotagging
images and then choose an appropriate layer to be embedded
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Figure 1: The architecture of our model.

in BoVW model to learn more suitable visual vocabularies,
finally getting result by training a classifier.

The most straightforward way of increasing the perfor-
mance of a neural network is to increase the depth and width
of the network. However, many drawbacks are produced out
with this method. For example, the larger the network is,
the more parameters it contains, which make the network
easier to overfit. Also, the use of computational resources is
expandeddramatically. As a result, the fundamental approach
of solving both issues would be by ultimately moving from
fully connected to sparsely connected architectures, even
inside the convolutions. As described in the next section, we
train a network model that is suitable for extracting features.

3.2. Feature Extraction. The network structure of convolu-
tional neural networks compared with the traditional net-
work has three main points, which are locally connected,
shared weights, and subsampling.The receptive field, the ker-
nel, the number of layers, and the number of feature maps of
each layer are primary variables affecting the quality of deep
features. In this paper, we study how to extract the geographic
features with various spatial correlations automatically and
find out the visual structure information with automatic
recognition in the image and focus on the feature extraction
of the image content according to the identified region. We
input the characteristics into the visual word bag model to
achieve efficient identification of geographical images.

In the convolutional layer, we assume that the given large
original image 𝑙 × ℎ is defined as 𝑥. At first, we obtain the
small size image 𝑎×𝑏 from the large-size image by training the
sparse coding. And we obtain 𝑘 characteristics by calculating
𝑓 = 𝜎(𝑤𝑥𝑠+𝑏), and𝜎 is an activation function;𝑤 and 𝑏 are the
weights and deviations between the visual layer unit and the
implicit unit. For each small image, we get the corresponding
value 𝑓𝑠 = 𝜎(𝑤1𝑥𝑠 + 𝑏1), the convolution values of these 𝑓𝑠,
and the matrix of convolution of the characteristics.

After obtaining the characteristics by convolution, these
characteristics need to be classified. In theory, people can use
all the extracted features to train the classifier, but too many
parameterswillmake the training of the classifier difficult and
prone to overfitting. Selecting the characteristics of different
locations for polymerization statistics is called pooling. So we
select the maximum pool or the average pool.

3.3. The Combination of BoVWModel and CNN. In order to
learn the representation end-to-end, we design a CNN archi-
tecture that simulates this standard classification channel in
a unified and principled manner with different modules.

Given a geographical image, we crop the CNN at the last
convolutional layer and view it as a dense descriptor extractor.
That is to say, the output of the last convolutional layer is a𝐻×
𝑊×𝐹mapwhich can be considered as a set of𝐹-dimensional
descriptors extracted at𝐻×𝑊 spatial locations. Among them,
𝑊 and 𝐻 represent the width and height of the feature map,
respectively. 𝐹 represents the number of channels, that is, the
number of feature maps. Since each image contains a set of
low-dimensional feature vectors, which has similar structure
as dense SIFT, we propose to encode these feature vectors
into a single feature vector using standard BoVW encoding.
Namely, we design a new pooling layer inspired by the spatial
bag of visual words that pools extracted descriptors into a
fixed image representation and its parameters are learnable
via back-propagation.

In this paper, we use the dictionary as a convolution
dictionary 𝐷. Whether the convolutional dictionary 𝐷 =
[𝑑1, 𝑑2, . . . , 𝑑𝑘]can be supervised or not depends on the
encoding mode of the convolutional vectors. Each encoding
coefficient in the coding vector 𝐶𝐼 = [𝐶𝑖1, 𝐶𝑖2, . . . , 𝐶𝑖𝑘] must
be a compound function about the convolutional words 𝑑𝑘
and the convolutional vector 𝐹𝑖, and the 𝐹𝑖 model parameters
can be guided. Here we use the soft distribution coding
method; formula (1) is as follows:

𝑐𝑖𝑘 =
exp (−𝛽 𝐹𝑖 − 𝑑𝑘


2

2)

∑𝐾𝑘=1 exp (−𝛽 𝐹𝑖 − 𝑑𝑘

2

2)
. (1)

The encoding coefficients 𝑐𝑖𝑘 represent the degree of
membership of the convolutional vector and the convolu-
tional words. During the model training, we found that
the soft distribution coding coefficients 𝑐𝑖𝑘 tend to zero or
saturation, and it leads to the gradient disappearance of the
model and makes the model unable to train. Therefore, in
this paper, amethod based onweighted direction similarity is
used in the experiment. It uses a positive value of the vector
dot product to indicate that it can be viewed as a weighted
directional similarity, such as formula (2):

𝑐𝑖𝑘 = [⟨𝐹𝑖, 𝑑𝑘⟩]+ . (2)

Among them, [⋅]+ is said to take a positive part, and
the negative part returns to zero. From the point of view
of the activation function, [⋅]+ is similar as ReLU function,
which is a kind of nonsaturation nonlinear transformation
function. After the end of encoding direction similarity, all
encoding vector volume laminated polymerized (i.e., the
global summation of the spatial dimension and the pooling)
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Figure 2: Space pyramid visual word bag model.

image global representation. The maxout activation function
is used to carry out nonlinear transformation to the adjacent
dimension of the representation, and the response is selected
to form the final BoVW representation. In this paper, the
BoVW representation is used to replace the full link repre-
sentation 𝑃 = [𝑝1, 𝑝2, . . . , 𝑝𝑘/2], and the enhancement model
is invariant to various image transformations. As illustrated
in Figure 1 the layer can be visualized as a metalayer that is
further decomposed into basic CNN layers connected up in
a graph.

3.4. Image Representation Based on Spatial Vision. Csurka et
al. [1] first proposed the BoVW model of Natural Language
Processing field into image classification. Similar to the
document consisting of a number of words, each image is
represented as a visual word frequency histogram, in order
to achieve better classification results. Bag of visual words
model requires an unsupervised algorithm to extract low-
level features from the images of the training image set, such
as 𝐾-means algorithm, and clusters these low-level features
according to the number of given cluster centers.

Because the traditional bag of words model does not
consider the visual spatial information between local features,
and it ignores the position order information of the image
features, which is not conducive to the image feature extrac-
tion space. So Lazebnik et al. [4] put forward visual spatial

pyramid bag of words model to make up for deficiencies.The
idea of the spatial pyramid is to divide the images in different
scales on each scale. Each image subregion is represented
as a histogram vector, and the vectors of all subregions
on each scale are combined to form a whole. The spatial
pyramid histogram vector gives the image of the space of the
gold tower vector representation. It repeats the provision of
increasingly fine mesh sequences in the feature space to form
a multiresolution histogram pyramid. Then the similarity
between the two feature sets is defined as the weighted sum
of the feature matching numbers at each level of the pyramid.
And the visual spatial pyramid bag of words model is shown
in Figure 2.

Scene classification is to extract the image features of
all kinds of scenes from the scene image database and then
classify all kinds of scenes. The basic content of the scene
image classification includes data representation, classifica-
tionmodel learning, and judgment. And it has a branch in the
middle added semantic analysis topics. Overview of spatial
BoVWmodel in scene classification block diagram as shown
in Figure 3.

4. Experiments and Results

In this section, we first describe the experimental data sets
and image preprocessing method. Afterwards, we describe
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Figure 3: Overview of spatial BoVWmodel in scene classification.

Canyon Cliff Coral reef Dune Geyser Glacier

Hot spring Littoral Lunar crater Mountain Ocean floor Volcano

Figure 4: A few example in twelve-scene categories set.

CNN configuration and the parameter settings of the pro-
posed method. The results obtained for the scene classifica-
tion are last discussed.

4.1. Description of Data Sets. Here, we examine the proposed
approach with two popular datasets and one our own dataset.
Figure 4 shows a few example images representing various
scenes that are included in the dataset we made, and the
contents of the three data sets we choose are summarized
here.

15-scene data set is composed of fifteen-scene categories:
thirteen were provided by Li and Perona [28] (eight of these
were originally collected by Oliva and Torralba [5]), and

two (industrial and store) were collected by Lazebnik et al.
[4]. This scene database is the most widely used database
in the scene classification task, and it is appropriate enough
(15 classes and approximately 10K images) to enable running
a large number of experiments in a reasonable amount of
time.Within each scenario are challenges relevant to complex
topographies, unique spatial pattern, and different structures
inside the region, and so forth.

Most geographical scene classification methods worked
well for outdoor scenes but perform poorly in the indoor
domain.TheMIT indoor 67 [29] contains 67 scene categories
and a total of 15,620 images, such as bakery, library, gym, and
meeting room, and so forth. And the subtle classification of
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Figure 5: An example image before and after being processed with the average filter.

these interior layouts poses a great challenge to the sensitivity
of the method in the geospatial pattern.

And the data set we made is based on ImageNet dataset,
including twelve classes. ImageNet is an image database
organized according to the WordNet hierarchy, where each
node hierarchy is depicted by thousands of images. These
images are collected from theweb andmanually annotated by
artificial use of Amazon’s Turkish robots. Geographic images
are one of ImageNet’s 12 semantic branches.There are 175 sub-
classes under the branch, some of which contain more than
500 images, and some do not contain any image. For a better
training network, we select 12 categories for experimentation,
each of which contains more than 1000 images. This dataset
contains a changing geographical appearance and is realistic
about the needs of the geographical scene classification. A
few examples in twelve-scene categories set are as shown in
Figure 4.

In order to generate a large amount of training data
which are similar to the original data in real time, we use the
random combination of affine transformations (translation,
rotation, scaling, and cropping), horizontal inversion, and
elastic cutting to amplify the training data.Thesemethods can
reduce the overfitting of model training and make the model
get better generalization performance.

4.2. Preprocessing. For the input image, we adopt two pre-
processing methods, including histogram averaging and
Laplacian sharpening. Histogram averaging can increase the
smoothness of the image, so that the image will not appear
bright or dark situation. Since Laplacian is a differential
operator, its application enhances the gray-scale region of the
image and attenuates the slowly changing region of gray.

Figures 5 and 6, respectively, intuitively display that the
contrast of the picture changes. Through the contrast figures
above, we can intuitively see that the image enhancement
based on histogram equalization and specification can reduce
light noise of the captured image and improve the contrast
details and the dynamic range of gray level of the image.

In order to verify the effect of image preprocessing on
image feature representation, we randomly select a picture
and enter amodel that has been trained.The second convolu-
tional layer feature graph is visualized after the input network
of the preprocessed picture, and the second layer feature
map after the input network of the unprocessed picture is
also visualized. And we compare these two visual images in
Figure 7.

As shown in Figure 7, we explain a little bit; (a) is the
original picture; (b) is the visualization of the feature map of
the second layer of the original image; (c) shows the picture
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Figure 6: An example image before and after applying Laplacian operator.

(a) (b)
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Figure 7: A comparison of the visualization of features before and after pretreatment.

after the preprocessing operation, and we can observe that
the spatial structure of the picture is clearer; (d) graph is the
visualization of the feature of the second layer after the image
input network is preprocessed. By comparisonwe empirically
found that taking the following two steps as a preprocession
helps to improve the image regularization without much
trade-off for the feature reconstruction error.

4.3. CNN Configuration

4.3.1. Network Architecture. In this paper, we choose deep
learning frameworks named TensorFlow [35] to create and
train our CNN model to extract the feature. During the
deep feature extraction process, it is important to address the

configuration of the deep learning framework. We will draw
a vivid image to show the architecture of the our proposed
CNN and introduce the network in detail.

Figure 8 shows our network architecture that can be
summarized as 198 × 198-94 × 94 × 20-22 × 22 × 20-9 × 9
× 50-1000-1000-𝑀, where 𝑀 is the number of classes. The
input is a down sampled and normalized image of size 198
× 198. The network model of feature extraction we used has
eight layers; three layers are convolutional layers, with each
layer of laminated roll being pool layer and last two layers
are fully connected layers. We empirically set the size of the
receptive field to 11 × 11, which offered enough contextual
information. Two fully connected layers of 1000 nodes each
follow the convolutional and pooling layers. The last layer is
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Figure 8: The architecture of the proposed CNN.

a logistic regression with softmax that outputs the probability
on each class, as defined in the following equation:

𝑃 (𝑦 = 𝑖 | 𝑥,𝑊1, . . . ,𝑊𝑀, 𝑏1, . . . , 𝑏𝑀) = 𝑒𝑊𝑖𝑥+𝑏𝑖

∑𝑀𝑗=1 𝑒
𝑊𝑗𝑥+𝑏𝑗

, (3)

where 𝑥 is the output of the second fully connected layer, 𝑊𝑖
and 𝑏𝑖 are the weights and biases of the neuron in this layer,
and 𝑀 is the number of classes. All weights are initialized
to 10−2 and biases are set to 0. The class that outputs the
max probability is taken as the predicted class, which can be
described in the following equation (𝑦 denotes the predicted
class):

𝑦 = argmax
𝑖

𝑃 (𝑦 = 𝑖 | 𝑥,𝑊1, . . . ,𝑊𝑀, 𝑏1, . . . , 𝑏𝑀) . (4)

The receptive field is a term originally to describe an area
of the body surface where a stimulus could elicit a reflex
[36]. From the CNN visualization point of view, the receptive
field is the output feature map node response corresponding
to the input image area. In the training process, the cross
entropy loss value unifies the normalized prediction value
and the normalized coding of the label. TensorFlow provides
a visualization tool TensorBoard which can be used to
visualize changes in cross entropy during training.

In order to obtain the suitable scale characteristics in the
case of a given database, it is necessary to find a suitable
granularity. To further verify the effect of receptive field
transforms, we conducted the experiments in 15-scene. We
constantly adjust the size of the field according to the value of
loss and classification results.We find that the transformation
of the receptive field, in order to getmore accuratelymodeling
of complex invariances, does lead to a nontrivial increase in
accuracy gain. One might speculate that using larger recep-
tive fields could replace our receptive field transforms. The
reasoning would be that larger receptive fields, hence larger
neighborhoods, could be sufficient in capturing the change
in position of features under complex view conditions. We
repeated the experiment with a setup in which the receptive
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Figure 9: Training loss of our baseline network.

fields of the pooling grids in the final layer and the receptive
field transform functions are set to be an identity function.
The result was a decrease in accuracy over the base system
which confirms our earlier claim that traditional pooling
fails to meet requirement of complex invariance at object
feature level and that the problem is not solvable by choice
of receptive field size.

Figure 9 illustrates regression loss decrease against num-
ber of iterations for our network. Our model loss drops
sharply at first and then reaches a plateau around iteration
600 and then begins to decrease linearly and converges to
around 1.2.The loss of themodel still decreased linearly when
we cut off the training process.

4.3.2. Selectivity Analysis of Convolutional Feature. The pur-
pose of this paper is to try to combine the strong feature
learning ability of CNN and the invariant nature of BoVW
coding model. This section focuses on solving the problem
of embedding BoW model in CNN structure and selects the
hierarchical feature of CNN by reconstructing the image.

Reconstructing images using features from deeper layers
of the network tends to decide which layer of the convo-
lutional layer will be embedded in the BoVW model. As
Figure 10 shows, we reconstruct the features using the pro-
vided optimization parameters from the third convolutional
layer of the pretrained model. In the cell below, we try to
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Original image t = 0 t = 100

t = 300 t = 399t = 200

— Loss = 36.26

Loss = 14.87 Loss = 4.45Loss = 7.66

Loss = 25.20

Figure 10: Reconstruct features from the third layer of the pretrained model.

reconstruct the best image you can by inverting the features
from the fifth layers in Figure 11.We will need to play with the
hyperparameters to try and get a good result.

From the paper by Mahendran et al. [34, 37], we will
see that reconstructions from deep features tend not to look
much like the original image, so we should not expect the
results to look like the reconstruction above. But we should
be able to get an image that shows some discernable structure
within 1000 iterations.

4.4. Parameter Settings. After obtaining the convolutional
feature, we make full use of the invariance property of
the BoVW model to obtain a more discriminative high-
level distributed representation. This can not only avoid the
gradient disappear in training and increase the identification
of the characteristics of the middle convolution, but also
increase the spatial structure information. After embedding
into the BoVW model, the experiment encountered the
following parameters.

4.4.1. The Selection of 𝐾 Values. An important parameter in
the BoVW model is dictionary size 𝐾, which needs to be

tuned. In order to determine their values, Figure 12 shows
the classification accuracy versus dictionary size𝐾. From this
figure, we can find that when 𝐾 = 396, our approach obtains
the best performance (90.14%).

4.4.2. Results of Different Kernel Functions. There are various
options for this classifier, including GMM-type probabilistic
models, SVMs, and neural networks. In this section, a simple
SVM classifier [38] is employed in our method.The selection
of kernel function is very important in the training process,
because it determines the classification effect of the trained
model. Next, we discuss the most suitable kernel function by
experiment.This paper extracts six categories of images from
the MIT indoor 67 data sets (bakery, classroom, elevator,
museum, restaurant, and train station) to carry out classi-
fication experiments, and the experiment was divided into
three parts: two classes (bakery, classroom), four-class classi-
fication (bakery, classroom, elevator, and museum), and six-
class classification (bakery, classroom, classification elevator,
museum, restaurant, and train station). Firstly, according to
the previous chapter, the visual feature extraction, clustering,
and expression are carried out, and the experimental results
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Figure 11: Reconstruct features from the fifth layer of the pretrained model.
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Table 1: Classification accuracy of different kernel functions.

Name 2-class
classification

4-class
classification

6-class
classification

Ploy 82.24% 79.20% 71.18%
RBF 87.57% 80.13% 73.68%
HIK 88.60% 84.41% 77.59%

are the average of 10 experiments. Table 1 gives the statistical
results of SVM classification corresponding to different ker-
nel functions.

Table 2: Time cost under different strides.

Stride 32 64 96 128
Time (sec) 0.102 0.036 0.023 0.018

Different kernel functions will be used to form different
algorithms. The accuracy of these algorithms is greatly
affected by the kernel function. Through the experimental
comparison, we can see that the kernel function is the best
choice and finally use the histogram intersection kernel
(HIK) function for SVM classification.

4.5. Results and Discussion

4.5.1. Computational Cost. Our CNN is implemented using
TensorFlow [35]. With TensorFlow we can easily run our
algorithm on a GPU to speed up the process without much
optimization. Our experiments are performed on a PC with
3.4GHz CPU and GeForce 980Ti GPU. We measure the
processing time on images using our model of 50 kernels
with 198 × 198 input size and test the model using the part of
those strides that gives the state-of-the-art performance in the
experiments on 15-scene dataset. Table 2 shows the average
processing time per image under different strides. Note that
our implementation is not fully optimized. For example, the
normalization process for each image is performed on the
CPU in about 0.031 sec, which represents a significant portion
of the total time. From Table 2 we can see that, with a
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Table 3:The classification accuracy of differentmethods on 15-scene
and MIT indoor datasets.

Number Method MIT indoor
(%)

15-scene
(%)

1 SPM [4] 34.40 81.4
2 OTC [30] 47.33 —
3 LPR [31] 44.8 85.8

4 Discriminative
patches ++ [32] 49.40 —

5 FV + bag of parts
[33] 63.18 —

6 MOP-CNN [25] 68.88 —
7 Our approach 66.09 90.1

Table 4: The classification accuracy of different fine-tuning model
on 12-scene datasets.

Number Method 12-scene (%) Time (h)
1 𝐾Means + SVM 59.80 0.5
2 Sift + BoVW 61.02 0.5

3 Local–global
feature BoVW [34] 60.23 1.2

4 Fine-tuning Cifar
+ BoVW 51.12 12

5 Fine-tuning
Alexnet + BoVW 67.01 ± 1.22 28

6
Fine-tuning
GoogLeNet +

BoVW
68.21 ± 0.61 36

7 Our approach 75.12 23

sparser sampling pattern (stride greater than 64), real time
processing can be achieved while maintaining state-of-the-
art performance.

At the same time, as shown in Table 4, we also recorded
the fine-tuning of different models in the same visual
database running time. The experiments show that our
method under the condition of consumption in a certain time
achieved good classification effect.

4.5.2. Performance on Different Datasets. After training our
net for 100000 iterations, each iteration was composed by
a random proportional subsample of 64 images across the
entire dataset. In this section, we report results the perfor-
mance on different datasets compared with previous studies.
As shown in Table 3, in order to verify the classification
performance of our method be more comprehensively, we
compare our best results with the newly improved CNN
method and other various state-of-the-art methods that have
reported classification accuracy on 15-scene and MIT indoor
datasets.

On the 15-scene dataset, our method achieves 90.1%
accuracy, which exceeds the majority of existing methods.
On the indoor-67 dataset, the two best reported accuracies
are 63.18 [33] and 68.88 [25]. One used Fisher vector model
and another extracted CNN activation for local patches at

multiple scale levels.The accuracy of the activation features is
rather close to the MOP-CNN [25]. However, these methods
result in signature dimensionalities in the order of O (106),
whose dimensionality can be almost one order of magnitude
higher than our characteristic dimension.

In addition, in order to further refine the performance
evaluation results, confusionmatrixmethod is usually used to
evaluate the performance of classification model in different
categories of scene image content. Among them, the element
values on the diagonal of the confusion matrix reflect the
accuracy of the visual word packet model for each scene
image classification; the higher the accuracy, the better the
performance. Based on the predicted category for each test
case, we will now construct a confusion matrix. Entry (𝑖, 𝑗)
in this matrix would be the proportion of times a test image
of ground truth category 𝑖 was predicted to be category 𝑗. An
identitymatrix is the ideal case.The visual predictedmatrixes
for two different datasets are shown in Figure 13. Through
this color confusionmatrix, we can intuitively know the scope
of the overall accuracy, as well as what kind of classification
effect is better. For example, from the visual confusionmatrix,
through color changes and contrast, we easily recognize that
suburb is very easy to recognize.

In order to evaluate ourmodel training results, we choose
another six methods to do a comparative experiment on
the similar data set. We used the traditional two methods
and also reproduced the method which uses BoVW model
[39]. Simultaneously, we fine-tune the three famous and well-
trained CNNmodels tomake themodel adaptable to the new
classified data set.

Since each neural network model has the desired image
input size, we adjust the image size in the same way so
that it can be used in this network model and output the
corresponding classification and annotation. To make the
comparison process more fair, all the parameters of each
super-model, including the right to reinitialize, gradient
descent optimization algorithm, the weights learning rate
decay and decline algorithm, and training time, test time is
set to the same value. We also modeled the last layer of the
output layer into the same BoVW model to compare the
classification results. All experiments are repeated ten times
with different randomly selected training and test images, and
the average of per-class recognition rates is recorded for each
run. The final result is reported as the mean and standard
deviation of the results from the individual runs, as shown
in Table 4.

4.5.3. Visualized Table. We create convenient and intuitive
interface to visualize the classification results table. This
table is with one row per category, with 3 columns, training
examples, false positives, and false negatives. False positives
are instances claimed as that category but belonging to
another category; for example, in the “Kitchen” row an image
was classified as “Kitchen” but is actually “Store.” This same
image would be considered a false negative in the “Store”
row, because it should have been claimed by the “Store”
classifier but was not. False negatives are instances belonging
to true category but with wrong predicted label. As shown in
Figure 14, we show the first four lines of the table. From this
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Figure 13: The visual predicted matrix of 15-scene and MIT indoor-67 datasets.
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Category name Accuracy Sample training images False positives with true label False negative with wrong predicted label

Bedroom

Living room

Living room

Living room

Open country

Store

Office

Office

Living room

Industrial

Kitchen

Kitchen Kitchen

0.900

0.780

0.850

0.820

Store Store

Coast

Figure 14: A visual table in fifteen-scene categories.

table, we can intuitively see which scene images are marked
with wrong labels, and which scene images have not been
identified.

5. Conclusions

In this paper, we present a method for geographical scene
classification, which is a generalized version of convolutional
neural networks based on higher level of hierarchy. As objects
are the parts that compose a scene, detectors tuned to the
objects that are discriminant between scenes are learned in
the inner layers of the network. The learned parts have been
shown to perform well on the task of scene classification,
where they improved a very solid bag of words. According
to simulation results applied to fifteen-scene categories,
MIT indoor-67 dataset, and 12-scene dataset, even with less
number of trainable parameters in less time the proposed
hierarchical structure could classify unseen samples with
higher accuracy. In the future we will explore how to improve
encoding technique to ensure that the CNN descriptors are
embedded into a finite set of prototypical elements in order
to classify geotagging images.
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