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Research in pattern recognition has exponentially increased
in the past decades due to the improvement in both qual-
ity and resolution of imaging sensors and the dramatic
increase in computational power. �ese advances have also
been accompanied by smoothing the boundaries between
different applications of pattern recognition, making it really
interdisciplinary. Numeric mathematical methods combined
with novel neural network techniques have been especially
successful for pattern recognition.

�is special issue collects six original research contribu-
tions that present recent advances in mathematical methods
of pattern recognition as well as important applications in
engineering and social activities. In particular, the papers
address the following areas of pattern recognition: template
and descriptor-based matching algorithms, gesture recog-
nition, visual object tracking, deep learning techniques,
event detection, document processing, and recognition. �e
collection of papers with different areas of pattern recogni-
tion clearly points to the need for communication between
researches of these areas. It is the hope that this special issue
will help the dialog to fruition.

First, the paper by J. Diaz-Escobar et al. entitled
“LUIFT: LUminance Invariant Feature Transform” provides
an illumination-invariantmethod for computing local feature
points and descriptors. �e method is well stated mathemat-
ically and is able to extract the most significant local features
in images degraded by nonuniform illumination, geometric
distortions, and heavy scene noise. Since the method utilizes
image phase information rather than intensity variations,
as most of the state-of-the-art descriptors, it is robust to

nonuniform illumination and noise degradation. It is inter-
esting to note a fruitful use of the monogenic scale-space
framework to compute the local phase, orientation, energy,
and phase congruency from the image at different scales.
�e proposed descriptor is created from the histograms of
oriented gradients of phase congruency. Extensive simulation
results show that the proposed method yields a superior fea-
ture detection andmatching performance under illumination
changes, noise degradation, and slight geometric distortions
comparing with that of the state-of-the-art descriptors.

S. A. Wibowo et al. in the paper entitled “Convolu-
tional Shallow Features for Performance Improvement of
Histogram of Oriented Gradients in Visual Object Tracking”
describe how to improve the performance of histogram
of oriented gradients (HOG) features-based visual object
tracking algorithm when the target is influenced by a change
inmotion or size.�e proposedmethod combines a response
map between the HOG and convolutional shallow features.
�e latter features are computed from a shallow layer of
a pretrained convolutional neural network with the input.
�e target location is predicted based on the maximum
value of the optimized final response map. To overcome
the change in target appearance during tracking a model
update is utilized. Extensive computer results using a com-
mon benchmark dataset show that the proposed method
significantly improves the robustness performance of aHOG-
feature based approach.

�e paper entitled “Modified Dynamic Time Warping
Based on Direction Similarity for Fast Gesture Recognition”
by H-R. Choi and T. Kim suggests a modified dynamic
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time warping (DTW) algorithm for application to ges-
ture recognition. �e proposed method compares gesture-
position sequences based on direction of the gestural move-
ment. Since a standard DTW does not specifically consider
two-dimensional characteristics of the user’s movement,
the sequence comparison by the standard DTW could be
improved. �e proposed gesture-recognition system com-
pares sequences of the input gesture position with ones saved
in database and selects the most similar gesture by filtering
out unrelated gestures. �e suggested algorithm uses the
cosine similarity of the movement direction at each moment
to calculate the difference. It also reflects the characteristics
of the gesture movement by using the ratio of the Euclidean
distance and the proportional distance to the calculated
difference. Selective spline interpolation assists in solving
the issue of recognition-decline at instances of gestures.
�rough experiments with public databases, the suggested
algorithm yields an improved performance compared to that
of common methods.

�e paper by S. Huang et al. entitled “Learning Mul-
timodal Deep Representations for Crowd Anomaly Event
Detection” utilizes unsupervised deep learning framework to
detect anomaly events in crowded scenes. Specifically, low-
level visual features, energy features, andmotionmap features
are simultaneously extracted based on spatiotemporal energy
measurements. �ree convolutional restricted Boltzmann
machines are trained to model the mid-level feature rep-
resentation of normal patterns. �en a multimodal fusion
scheme is utilized to learn the deep representation of crowd
patterns. Based on the learned deep representation, a one-
class support vectormachinemodel is used to detect anomaly
events.�e proposedmethod is evaluated using two available
public datasets and compared with state-of-the-art methods.
�e experimental results show its competitive performance
for anomaly event detection in video surveillance.

�e paper entitled “Reliable Recognition of Partially
Occluded Objects with Correlation Filters” by A. Ruchay
et al. deals with recognition of partially occluded objects
using adaptive correlation approach. Basically, design of
conventional correlation filters requires explicit knowledge
of the appearance and shape of a target object. So the
performance of correlation filters is significantly affected by
changes in the appearance of the object in the input scene.
In particular, the performance of correlation filters worsens
when objects to be recognized are partially occluded by other
objects, and the input scene contains a cluttered background
and noise. �e proposed system consists of a set of adaptive
correlation filters for recognition of partially occluded objects
in noisy scenes. Since the input scene may contain different
fragments of the target, false objects, and background to be
rejected, the system is designed in such amanner to guarantee
equally high correlation peaks corresponding to parts of the
target in the scene. �e key points of the system are as
follows: (i) it contains a bank of composite optimum filters,
which yield the best performance for different parts of the
target; (ii) it includes a fragmentation of the target into a
given number of parts in the training stage to provide equal
intensity responses of the system for each part of the target.
With the help of computer simulation, the performance of

the proposed algorithm for recognition partially occluded
objects is compared with that of common algorithms in terms
of objective metrics.

Finally, the paper entitled “ANACONJ Analyzer of the
Conjunction AND in Spanish Using Syntactic Patterns and
Semantic Frames” by A. D. C. Rasgado addresses this issue in
the field of document processing and recognition. ANACONJ
is an algorithm for text recognition, which uses rules and
syntactic patterns to analyze each word of a sentence in
a phrase, identifying those sentences with conjunctions to
build a semantic tree of the sentence.�e proposed algorithm
can be used as teaching Spanish so�ware and can be applied
for a service robot. Computer simulation results show that the
algorithm is able to identify semantics of more than 90% of
conjunctions.

We believe that the special issue will be useful for
researchers and practitioners working in the broad computer
vision and pattern recognition communities.
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Illumination-invariant method for computing local feature points and descriptors, referred to as LUminance Invariant Feature
Transform (LUIFT), is proposed. The method helps us to extract the most significant local features in images degraded by
nonuniform illumination, geometric distortions, and heavy scene noise. The proposed method utilizes image phase information
rather than intensity variations, as most of the state-of-the-art descriptors. Thus, the proposed method is robust to nonuniform
illuminations and noise degradations. In this work, we first use the monogenic scale-space framework to compute the local phase,
orientation, energy, and phase congruency from the image at different scales. Then, a modified Harris corner detector is applied to
compute the feature points of the image using themonogenic signal components.The final descriptor is created from the histograms
of oriented gradients of phase congruency. Computer simulation results show that the proposed method yields a superior feature
detection and matching performance under illumination change, noise degradation, and slight geometric distortions comparing
with that of the state-of-the-art descriptors.

1. Introduction

Feature detection and description are low-level tasks used in
many computer vision and pattern recognition applications
such as image classification and retrieval [1, 2], optical flow
estimation [3], tracking [4], biometric systems [5], image
registration [6], and 3D reconstruction [7].

The local feature detection task consists of finding “feature
points” (points, lines, blobs, etc.) in the image. The points
should satisfy certain properties such as distinctiveness,
quantity, locality, accuracy, and more important repeatability
[8]. To represent each feature point in a distinctive way,
a neighborhood around each feature is considered and
encoded into a vector, known as “feature descriptor.” The
feature descriptors of different images are “matched” using
either Euclidean or Mahalanobis distances.

It is desirable that the behavior of feature descriptors be
invariant to viewpoint changes, blur effect, and affine trans-
formations [9–13]; but also, it needs to be robust to noise and
nonuniform illumination degradations. However, these last
two conditions have not been completely solved, even when

they are common issues in real-world applications. Thus, the
nonuniform illumination variations and noise degradations
are still challenges that decrease the performance of the
existing state-of-the-art methods.

Since Attneave research [14] about the importance of
the image shape information, several techniques for feature
detection have been developed [8, 15–17]. Many of the
existing works are robust to affine transformations (scale and
rotations), but they are not designed to work with complex
illumination changes. Recently, to address the nonuniform
illumination problem, different methods based on the order
of the intensity values have been proposed [18–21]. However,
these methods are only robust to monotonic intensity varia-
tions and are sensitive to heavy noise degradations.

On the other hand, the human visual system is able to
recognize objects under different illumination conditions.
The human eye perceives an amount of light energy passes
through, reflected or emitted from an object surface, known
as luminance. It converts the light energy into nerve impulses
by the photoreceptor cells in the retina, where the infor-
mation is encoded and sent to the primary visual cortex
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(V1) [22]. Psychophysical evidence suggests that the human
visual system decomposes the visual information in borders
and lines components by using phase information. Besides,
it is known that different groups of cells in V1 extract
particular image features as frequency, orientation, and phase
information [23].

In this work, to overcome the luminance variation prob-
lem inspired by the human visual system, a phase-based
method for computing local feature points and descrip-
tors, referred to as LUminance Invariant Feature Transform
(LUIFT), is proposed. The LUIFT method helps us to extract
the most significant local features in images degraded by
nonuniform illumination, geometric distortions, and heavy
scene noise. The proposed technique is suitable for recog-
nition of rigid objects under real conditions. The LUIFT
algorithm was extensively tested on common databases.
The proposed method yields a competitive matching per-
formance under slight scaling and in-plane rotation with
that of the state-of-the-art algorithms. The LUIFT method
shows improved performance regarding the feature points
repeatability as well as the number of detected and matched
feature descriptors under illumination changes and noise
degradations.

The rest of this paper is organized as follows. In Section 2,
the related works are recalled. In Section 3, the phase-based
approach is described. In Section 4, the proposed LUIFT
detector and descriptor are presented. In Section 5, com-
puter simulation results are provided and discussed. Finally,
Section 6 summarizes our conclusions.

2. Related Work

Early works on image feature points began with the research
of Attneave [14], showing that the most important shape
information of an image is concentrated at the contour points
with high curvature values, such as corners and junctions.
Since then, several techniques for features detection have
been developed, such as contour curvature based meth-
ods [8, 24], blob-like detector techniques [16], differential
approaches [8, 17], intensity variations based techniques [25,
26], and recently learning-based methods [27–29].

TheHarris corner detector [30], which is an improvement
of theMoravec approach [31], is one of the first andmost used
corner detectors, which describes the gradient distribution in
a local neighborhood of a point based on the second-moment
matrix.The feature points are obtained at the pointswhere the
local gradient varies significantly in two directions. Similarly
to the Harris matrix, the Hessian matrix [32] is constructed
by the second-order Taylor expansion of the intensity surface
and encodes the shape information of the image. Recently,
a Harris-based (HarrisZ) corner detector was proposed [33].
The HarrisZ corner detector considers a z-score to adapt the
corner response function, searching the corners near to edges
by a coarse gradient mask.

SUSAN (Smallest Univalue Segment Assimilating
Nucleus) [25] and, more recently, FAST (Features from
Accelerated Segment Test) [26] corner detectors are also
intensity-based techniques. They obtain fast feature points
associating to image points in a local area with similar

brightness. The FAST detector is based on the SUSAN
detector, but it uses more efficient decision trees to evaluate
intensity pixel values.

The SIFT (Scale Invariant Feature Transform) descriptor
[9, 34] utilizes an approximation of the LoG (Laplacian
of Gaussian) and HOG (Histograms of Oriented Gradient)
[35] for scale and rotation invariance, respectively. Until
now, the SIFT descriptor is the most popular state-of-the-
art descriptor due to its effectiveness in the feature detection
and matching under scale and rotation image changes. That
is why different variations of the SIFT descriptor have been
proposed. The SURF [11, 36] (Speed Up Robust Features)
and the KAZE [12] descriptors are a couple of examples.
Unlike the SIFT method, the SURF descriptor uses Haar-like
filters and integral images to improve the processing time
at the expense of the method performance; meanwhile, the
KAZE descriptor is based on nonlinear scale space improving
the locally adaptive blurring on the nonlinear scale-space
construction.TheCenSurE [37] (Center Surround Extremas)
feature detector is based on the estimation of the LoG
(Laplacian of Gaussian) using simple center-surround filters
and integral images for real-time tasks. The Daisy descriptor
[10] is inspired by the SIFT and GLOH [17] descriptors but
computed more efficiently replacing weighted sums by sums
of convolutions.

Binary descriptors have also been suggested. FREAK
(Fast RetinaKeypoints) [38], BRIEF (Binary Robust Indepen-
dent Elementary Features) [39], and BRISK (Binary Robust
Invariant Scalable Keypoints) [40] are some of them. Basi-
cally, they carry out pairwise intensity comparisons within an
image patch and use the Hamming distance for fast feature
matching.

Although all mentioned methods provide satisfactory
results for affine image transformations (rotation and scale),
they are usually constructed on the base of differences
between the pixel intensities of the image, which makes
them sensitive to nonuniform illumination variation and
noise degradation. To obtain robust descriptors to intensity
variations, new methods have been proposed. The DaLI [27]
(Deformation and Light Invariant descriptor) descriptor was
developed for nonrigid transformations and illumination
changes.The 2D image patches are considered as 3D surfaces
and described in terms of a heat kernel signature. Then,
for descriptor dimensional reduction a Principal Component
Analysis (PCA) is applied. However, DaLI descriptor is not
invariant to scale and rotation distortions and has a high
complexity due to the computation of eigenvalues for the heat
diffusion equation. The TILDE [13] (Temporally Invariant
Learned DEtector) and the LIFT [28] (Learned Invariant
Feature Transform) methods consider a learned method for
feature detection and description. Basically, the detector uses
training to obtain those features that remain stable under
different conditions. However, a prestage of training and a
collection of image patches are needed. The LIOP [21] (Local
Intensity Order Pattern) descriptor is based on the intensity
values order, assuming the principle that the relative order of
pixel intensities remains unchanged with monotonic inten-
sity changes. However, nonuniform illumination variations
are not considered.
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In this work, we propose a phase-based feature detector
and descriptor. Unlike the mentioned above methods, the
proposed technique utilizes the image local phase infor-
mation instead of relying on the image pixels intensities
changes. So, there are twomain contributions of the proposed
work: first, since the local phase contains the most important
image information and it is invariant to image pixel inten-
sities [41], the proposed method is robust to nonuniform
illumination variations; second, since the proposed method
utilizes the local phase congruency approach rather than
only image gradients, it is robust to heavy noise degrada-
tions.

3. Phase-Based Signal Model

Ever since the Hubel and Wiesel work [42], it has been
known that different groups of neurons in the biological
visual cortex, called simple cells, respond selectively to bars
and edges at particular orientation and location. Further-
more, psychophysical evidence suggests the existence of the
frequency-selective V1 neurons operating as bandpass filters
and the computation of complex cells energies as a sum of
squared responses of simple cells (see [23]).

Morrone and Owens proposed a model of feature per-
ception such as edges, lines, and shadows called the local
energy model [43–45]. According to this model, the human
visual system is capable to determinate a square waveform
and a trapezoid by using phase information, and it can be
proved that themaximumof the energy function occurs at the
points of the maximum phase congruency [46]. Continuing
with this approach, Kovesi [47–49] proposed a dimensionless
measure of phase congruency at each point of an image,
where the phase congruency value indicates the significance
of the current feature; that is, unitymeans themost significant
feature, and zero indicates the lowest significance.

Felsberg et al. [50] provided a framework to obtain
features based on the phase of an image. Unlike other works,
they did not use steerable filters, such as Gabor filters, to get
the image features. Instead, they proposed a new concept of a
two-dimensional analytic signal, referred to as the monogenic
signal [51].

3.1. Local EnergyModel andPhaseCongruencyApproach. The
local energy model [44, 45] establishes that the visual system
could locate features by searching for maxima of local energy
and identifies the feature type by evaluating the argument at
that point.

Formally, let the pair of filters He ∈ 𝐿2 andHo ∈ 𝐿2 be the
basic operators of the model with equal magnitude spectra
but with orthogonal phases (here Ho denotes the Hilbert
Transform of He). The local energy function is defined as

𝐸 (𝑥) = √(He (𝑥) ∗ 𝑓 (𝑥))2 + (Ho (𝑥) ∗ 𝑓 (𝑥))2, (1)

where 𝑓(𝑥) ∈ 𝐿2 is a periodic signal, and (∗) is the
convolution operator.

The local energy function locates the position of image
features but it has no information about the feature type. To

determine the feature type, it is necessary to consider the
argument defined as follows:𝜙 (𝑥) = tan−1 (He (𝑥) ∗ 𝑓 (𝑥) ,Ho (𝑥) ∗ 𝑓 (𝑥)) . (2)

On the other hand, a periodic function,𝑓(𝑥) ∈ 𝐿2, can be
expanded in its Fourier components as follows:𝑓 (𝑥) = ∑

𝑛

𝐴𝑛 cos (𝜑𝑛 (𝑥)) , (3)

where 𝐴𝑛 and 𝜑𝑛(𝑥) = 𝑛𝜔𝑥 + 𝜙(𝑥) represent the magnitude
and the local phase of the 𝑛th Fourier component, respec-
tively. The phase congruency function is defined as follows
[44]:

𝑃𝐶 (𝑥) = max
𝜑(𝑥)∈[0,2𝜋]

∑𝑛 𝐴𝑛 cos (𝜑𝑛 (𝑥) − 𝜑 (𝑥))∑𝑛 𝐴𝑛 , (4)

where 𝜑(𝑥) is the weighted mean local phase angle of all
Fourier components at the point 𝑥 and 0 ≤ 𝑃𝐶(𝑥) ≤ 1. The
congruency of phase at any angle produces a local feature. A
phase congruency value of onemeans thatmost of the Fourier
components phases are similar (𝜑𝑛(𝑥) − 𝜑(𝑥) ≅ 0) and;
therefore, there exists a local feature (edge or line), while a
phase congruency of value zero indicates the lack of structure.
Besides, the value of𝜑(𝑥)determines the nature of the feature:
values near to zero and 𝜋 correspond to a line feature, and
values near to 𝜋/2 and 3𝜋/2 correspond to an edge feature.

Unfortunately, the 𝑃𝐶(𝑥) function is highly sensitive to
noise and frequency spread. To overcome this problem, the
following definition of the phase congruency function was
proposed [47]:

𝑃𝐶 (𝑥) = 𝑊 (𝑥) ⌊𝐸 (𝑥) − 𝑇⌋∑𝑛 𝐴𝑛 (𝑥) + 𝜀 , (5)

where 𝑊(𝑥) is a weight for the frequency spread, 𝐸(𝑥)
represents the signal energy,𝑇 is a noise threshold parameter,
and 𝜀 is a small constant to avoid division by zero. We refer to
the following papers [47–49] for more details.

In practice, local frequency information is obtained via
banks of oriented 2D Gabor filters, but this procedure is
computationally expensive. Recently, Felsberg and Sommer
[52] proposed themonogenic signal, which is a generalization
of the 1D analytic signal. It gives us a theoretical framework
to obtain local frequency information.

3.2. The Monogenic Signal. The monogenic signal [52] is
defined as a combination of the 2D signal and its first-order
Riesz transform, defined as follows.

Let Rx,Ry be the transfer functions of the first-order Riesz
transform in the frequency domain:

Rx (𝑢, V) = 𝑖 𝑢√𝑢2 + V2
= F{ 𝑥2𝜋 (𝑥2 + 𝑦2)3/2} , (6)

Ry (𝑢, V) = 𝑖 V√𝑢2 + V2
= F{ 𝑦2𝜋 (𝑥2 + 𝑦2)3/2} . (7)
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The monogenic signal 𝐹𝑀(𝑢, V) in the frequency domain
is defined as follows:𝐹𝑀 (𝑢, V) = 𝐹 (𝑢, V) + 𝑖R ⋅ 𝐹 (𝑢, V) , (8)

where 𝐹(𝑢, V) = F{𝑓(𝑥, 𝑦)} is the Fourier transform of𝑓(𝑥, 𝑦) and R = (Rx,Ry).
In order to perform scale decomposition of a signal into a

set of partial signals, it is necessary to calculate themonogenic
signal for narrow bandwidths. A good approximation of
the scale decomposition can be done by using appropriate
bandpass filters to obtain localization in the spatial and
frequency domains.

3.3. Scale-SpaceMonogenic Signal. Felsberg and Sommer [53]
defined the linear Poisson scale-space representation as an
alternative to the well-known Gaussian scale-space, because
it is related to the monogenic signal. The Poisson scale-space𝑓p(𝑥, 𝑦, 𝑠) is defined as the convolution of the image 𝑓(𝑥, 𝑦)
with the Poisson kernel, as follows:𝑓p (𝑥1, 𝑥2, ℎ) = 𝑠2𝜋 (𝑥2 + 𝑦2 + 𝑠2) ∗ 𝑓 (𝑥, 𝑦)

= F
−1 {𝑒−2𝜋𝑠√𝑢2+V2 ⋅ 𝐹 (𝑢, V)} , (9)

where 𝑠 is the scale parameter that controls the degree of
image resolution.The combination of two lowpass filters with
a fixed ratio of scale parameters gives us a family of bandpass
filters with a constant relative bandwidth, defined as𝐵𝑠0 ,𝜆,𝑘 (𝑢, V) = (𝑒−2𝜋𝑠𝑜𝜆𝑘√𝑢2+V2 − 𝑒−2𝜋𝑠𝑜𝜆𝑘−1√𝑢2+V2) , (10)

where 𝜆 ∈ (0, 1) indicates the relative bandwidth, 𝑠0 is the
coarsest scale, and 𝑘 ∈ N denotes the bandpass number
[54].The Poisson scale-space representation in the frequency
domain of the image 𝐹(𝑢, V) filtered by the bandpass filter𝐵𝑠0 ,𝜆,𝑘(𝑢, V) is given by

𝐹bp (𝑢, V) = (𝑒−2𝜋𝑠𝑜𝜆𝑘√𝑢2+V2 − 𝑒−2𝜋𝑠𝑜𝜆𝑘−1√𝑢2+V2)⋅ 𝐹 (𝑢, V) . (11)

Then, the Poisson scale-space monogenic signal representa-
tion is formed by𝐹Mbp (𝑢, V) = 𝐹bp (𝑢, V) + 𝑖R ⋅ 𝐹bp (𝑢, V) , (12)

where 𝑓p (𝑥, 𝑦) = F
−1 {𝐹bp (𝑢, V)} , (13)

𝑓x (𝑥, 𝑦) = F
−1 {Rx (𝑢, V) ⋅ 𝐹bp (𝑢, V)} , (14)

and 𝑓y (𝑥, 𝑦) = F
−1 {Ry (𝑢, V) ⋅ 𝐹bp (𝑢, V)} , (15)

in the spatial domain.
Therefore, the local energy 𝐸(𝑥, 𝑦), local orientation𝜃or(𝑥, 𝑦), local direction 𝜃dir(𝑥, 𝑦), and local phase 𝜑(𝑥, 𝑦)

(Note that the function atan2(|𝑦|/𝑥) = sign(𝑦) ⋅ tan−1(|𝑦|/𝑥),
where the factor sign(y) indicates the direction of rotation)
can be computed as follows:𝐸 (𝑥, 𝑦)

= √(𝑓p (𝑥, 𝑦))2 + (𝑓x (𝑥, 𝑦))2 + (𝑓y (𝑥, 𝑦))2, (16)

𝜃or (𝑥, 𝑦) = tan−1 (𝑓y (𝑥, 𝑦)𝑓x (𝑥, 𝑦)) , (17)

𝜃dir (𝑥, 𝑦) = atan2(𝑓y (𝑥, 𝑦)𝑓x (𝑥, 𝑦)) , (18)

𝜑 (𝑥, 𝑦) = tan−1(√(𝑓x (𝑥, 𝑦))2 + (𝑓y (𝑥, 𝑦))2𝑓p (𝑥, 𝑦) ) . (19)

Figure 1 shows a block diagram for computing the mono-
genic scale-space signal.

4. Proposed Feature Detector and Descriptor

In this section, the proposed LUIFT feature detector and
descriptor are described. The feature detector is constructed
using a modified Harris corner detector and the phase con-
gruency approach, while the feature descriptor is constructed
using a modified HOG-based method.

4.1. Feature Detector. First, using the monogenic scale-space
framework (see Figure 1) with a bandpass filter set {𝐵𝑠0=3,𝜆 = 0.5, 𝑘 = 3}, the scale-space monogenic signal 𝑓m = (𝑓p,𝑓x, 𝑓y) and the sum of amplitudes∑𝑛 𝐴𝑛(𝑥, 𝑦) are computed.
Note that, by increasing the bandpass number 𝑘, more fine
scale features are revealed.The phase congruency function in
(5) can be calculated for each point of the image as follows:

𝑃𝐶 (𝑥, 𝑦) = 𝑊(𝑥, 𝑦) ⌊𝐸 (𝑥, 𝑦) − 𝑇⌋∑𝑛 𝐴𝑛 (𝑥, 𝑦) + 𝜀 , (20)

where the energy 𝐸(𝑥, 𝑦) = √𝑓2p + 𝑓2x + 𝑓2y and the sum of
the amplitudes∑𝑛 𝐴𝑛(𝑥, 𝑦) are obtained from the scale-space
monogenic signal. The frequency spread weight𝑊(𝑥, 𝑦) and
the noise threshold 𝑇 are calculated as in [47].

Next, in order to obtain the feature point candidates, a
modified Harris corner detector is utilized.

Let𝐻 be the Harris matrix defined by

𝐻 = ∑
𝑚

∑
𝑛

𝑤 (𝑚, 𝑛) [ 𝐼2x 𝐼x𝐼y𝐼x𝐼𝑦 𝐼2y ] , (21)

where 𝐼𝑥 and 𝐼𝑦 are the partial derivatives of the image 𝐼. Con-
sidering the scale-space monogenic signal, the derivatives of
the Harris matrix (𝐻) are replaced by the monogenic signal
components (𝑇𝑀) as follows:

𝑇M = ∑
𝑚

∑
𝑛

𝑤 (𝑚, 𝑛) [[
(𝑓x)2 𝑓x𝑓y𝑓x𝑓y (𝑓y)2]] , (22)
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Figure 1: Block-diagram for forming the Scale-Space Monogenic Signal.

where 𝑓x (𝑥, 𝑦) = 𝑓x (𝑥, 𝑦)∑𝑛 𝐴𝑛 (𝑥, 𝑦) (23)

and

𝑓y (𝑥, 𝑦) = 𝑓y (𝑥, 𝑦)∑𝑛 𝐴𝑛 (𝑥, 𝑦) (24)

are normalized.Then, the corner detector function defined in
[30] is utilized to obtain corner feature candidates,𝑀c (𝑥, 𝑦) = det (𝑇M) − 𝛽 ⋅ trace2 (𝑇M) , (25)
where 𝛽 is a sensitivity parameter, commonly used 𝛽 = 0.04.

The obtained candidate features 𝑀c are weighted by its
corresponding 𝑃𝐶(𝑥, 𝑦) value, in order to extract feature
points with high phase congruency; that is,𝑀c (𝑥, 𝑦) = 𝑀c (𝑥, 𝑦) ⋅ 𝑃𝐶 (𝑥, 𝑦) . (26)
Then, a thresholding followed by 3 × 3 nonmax suppression
algorithm is applied to obtain the final feature points. Since
the PC value indicates the significance of the detected features
(see Section 3.1), the threshold value controls the number
of features to be preserved or eliminated. A threshold close
to one keeps only those features that belong to sharp lines
or borders in the image. By changing the threshold value,
important features belonging to borders, and lines with
low contrast, high brightness or blur degradations could
be preserved. For our experiments, a threshold of 0.3 was
experimentally defined. Figure 2 illustrates the performance
of the proposed feature detector.

4.2. Feature Descriptor. Because the histograms of oriented
gradients [35] show robustness to small deformation such
scale and rotations, a modified HOG-based descriptor is
constructed. For each detected feature point, a 16 × 16
spatial neighborhood around each feature is constructed
and weighted by a Gaussian kernel (𝜎 = 1.5). Next, the
neighborhood is split onto 4 × 4 subneighborhoods. For
each sub-neighborhood, 𝑛𝑏𝑖𝑛𝑠 Histogram of Oriented Phase
Congruency (HOPC) is computed using the local direction𝜃dir(𝑥, 𝑦) (see (18)) between 0 and 360 degrees in such a
manner that the amount added to each bin depends on the𝑃𝐶(𝑥, 𝑦) value of each point, as follows:𝐻𝑂𝑃C (𝑏𝑖𝑛𝜃) = 𝐻𝑂𝑃𝐶 (𝑏𝑖𝑛𝜃) + 𝑃𝐶 (𝑥, 𝑦) , (27)

where

𝑏𝑖𝑛𝜃 = ⌊(𝑛𝑏𝑖𝑛𝑠360 ) ⋅ 𝜃dir (𝑥, 𝑦)⌋ . (28)

Figure 3 illustrates the formation of the proposed feature
descriptor.

Now, let 𝑟𝜃 be the remainder of the modulus (mod),

𝑟𝜃 = 𝜃dir (𝑥, 𝑦)mod( 360𝑛𝑏𝑖𝑛𝑠) . (29)

If either 𝑟𝜃 or 360/𝑛𝑏𝑖𝑛𝑠 − 𝑟𝜃 are near to zero, it means that𝜃dir(𝑥, 𝑦) is near to the border between two adjacent bins.
Therefore, 𝜃dir(𝑥, 𝑦) could be assigned to one of the bins
or divided between the bins. So, we assign the half of the𝑃𝐶(𝑥, 𝑦) value to each of the adjacent bins.
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Figure 2: Proposed feature detector.
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Figure 3: Proposed feature descriptor.

Besides, to provide invariance to rotation, each histogram
is normalized using the prominent orientation (𝜃p) obtained
as in [34], but taking into account the local direction𝜃dir(𝑥, 𝑦). Then, sixteen histograms are concatenated and
normalized (using the 𝐿2 norm) in order to form the final
descriptor.

5. Experimental Results

In this section, the performance of the proposed LUIFT
algorithm is experimentally presented and analyzed. Three
versions of the LUIFT descriptor are evaluated, that is,
LUIFT 8, LUIFT 36, and LUIFT 64 which utilize 8, 36,
and 64 bins, respectively. The performance of the proposed
LUIFTmethod is compared with FAST [26], STAR[37], SIFT
[9], SURF [11], KAZE [12], HARRISZ[33], DAISY [10], and

LIOP [21] detectors and descriptors. All simulationswere per-
formed using C++ and openCV (http://opencv.org/) library,
with the exception of the LIOP descriptor, which was per-
formed in Matlab using the VLFeat (http://www.vlfeat.org/)
library.

5.1. Evaluation Setup. To evaluate the performance of the
testedmethods, the repeatability score,matching score and the
overlap error are considered.

Let be 𝑃𝑖 = {𝑓𝑝𝑖 | 𝑖 = 1, 2, ⋅ ⋅ ⋅, 𝑁. 𝑁 ∈ N} a set of
feature points 𝑓𝑝𝑖 = 𝐼(𝑥, 𝑦) detected in the original image𝐼, T be a transformation matrix, and 𝑃𝑗 = {𝑓𝑝𝑗 | 𝑗 =1, 2, ⋅ ⋅ ⋅,𝑀. 𝑀 ∈ N} be the set of feature points 𝑓𝑝𝑗 = 𝐼(𝑥, 𝑦)
detected in the test image 𝐼. A correspondence is considered
if ‖T⋅𝑓𝑝𝑖−𝑓𝑝𝑗‖ ≤ 𝜖, where ‖⋅‖ denotes the Euclidean distance,

http://opencv.org/
http://www.vlfeat.org/
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Figure 4: Example of synthetic dataset images. From top to bottom: butterfly scene under rotation and scale distortions; graffiti scene under
nonuniform illumination variations; and gogh scene under additive noise degradations.

and 𝜖 = √2 pixels [55]. The feature detector performance is
evaluated using the repeatability score [15] defined as the ratio
between the number of point-to-point correspondences and
the minimum number of points detected in both images.

For the descriptor matching performance, two descrip-
tors are matched if the distance between the descriptors is
below a threshold 𝑡. According to [34], if the ratio is less or
equal to 0.9, then a correspondence is considered. To find the
nearest neighbors, the Fast Approximate Nearest Neighbor
Search algorithm (FLANN) [56] is exploited.

The results are presented by the recall-vs-1-precision
curve. Recall and 1-precision are defined as follows [17]:

𝑟𝑒𝑐𝑎𝑙𝑙 = 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑚𝑎𝑡𝑐ℎ𝑒𝑠𝑐𝑜𝑟𝑟𝑒𝑠𝑝𝑜𝑛𝑑𝑒𝑛𝑐𝑒𝑠 , (30)

1 − 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑓𝑎𝑙𝑠𝑒 𝑚𝑎𝑡𝑐ℎ𝑒𝑠𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑚𝑎𝑡𝑐ℎ𝑒𝑠 + 𝑓𝑎𝑙𝑠𝑒 𝑚𝑎𝑡𝑐ℎ𝑒𝑠 . (31)

The correct matches are determined with the overlap error(𝜖 < 0.5) [15]. Basically, the overlap error measure (also
called surface error) indicates how well two detected feature
regions intersect. The overlap error is defined as the ratio of
the intersection of the regions (𝜇𝐴 ∩ (𝐻𝑇𝐿𝜇𝐵𝐻𝐿)) and their
union (𝜇𝐴 ∪ (𝐻𝑇𝐿𝜇𝐵𝐻𝐿)) as follows:

𝜖 = 1 − (𝜇𝐴 ∩ (𝐻𝑇𝐿𝜇𝐵𝐻𝐿))(𝜇𝐴 ∪ (𝐻𝑇𝐿𝜇𝐵𝐻𝐿)) , (32)

where 𝜇𝐴 and 𝜇𝐵 are the elliptic regions defined by the second
moment matrix that satisfy 𝑥𝑇𝜇𝑥 = 1 and 𝐻𝐿 is the locally
linearized homographyH in the point 𝑥𝐵.

Finally, thematching score is computed as

𝑚𝑎𝑡𝑐ℎ𝑖𝑛𝑔 𝑠𝑐𝑜𝑟𝑒 = 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑚𝑎𝑡𝑐ℎ𝑒𝑠𝑡𝑜𝑡𝑎𝑙 𝑚𝑎𝑡𝑐ℎ𝑒𝑠 . (33)

5.2. Synthetic Dataset Evaluation. In order to evaluate the
performance of the proposed LUIFT detector and descriptor,
a synthetic grayscale (range from 0 to 255) dataset was
created.The synthetic dataset contains 7164 images, of which
2,106 ones correspond to three different scenes (butterfly,
gogh, and graffiti) scaled (6 scales) and rotated (13 rotations)
under nonuniform illumination (9 variations); 2,106 ones
correspond to three different scenes scaled and rotated under
additive Gaussian noise (9 variations); and 3042 images
correspond to three different scenes scaled and rotated under
brightness and contrast (13 variations) changes. Figure 4
shows examples of the synthetic dataset images.
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Table 1: Parameters used to generate synthetic image dataset.

Degradation Step Range
Illumination (𝜌) 10 [10, 50]
Additive noise (𝜎) 5 [0, 40]
Brightness (𝑏) 30 [−90, 90]
Contrast (𝑐) 0.3 [0.5, 2]
Distortion
Rotation 5 [−30, 30]
Scale 0.1 [0.8, 1.3]

The test images are corrupted by zero-mean additive
white Gaussian noise, varying the standard deviation 𝜎.

Nonuniform illumination is simulated using the Lamber-
tian model [57] defined as

𝑑 (𝑥, 𝑦) = cos(𝜙2
− tan−1 ( 𝜌

cos (𝜙) [(𝑠𝑥 − 𝑥)2 + (𝑠𝑦 − 𝑦)2]−1/2)) ,
(34)

where 𝑠𝑥 = 𝜌 ⋅ tan (𝜙) cos (𝜓) (35)

and 𝑠𝑦 = 𝜌 ⋅ tan (𝜙) sin (𝜓) . (36)

The multiplicative function 𝑑(𝑥, 𝑦) depends on the
parameter 𝜌; that is the distance between a point in the
surface and the light source, and the parameters 𝜙 and 𝜓
are tilt and slang angles, respectively. In our experiments the
following parameters were used: 𝜙 = 45 and 𝜓 = 90, varying
the distance parameter 𝜌.

Brightness and contrast are simulated by𝑓 (𝑥, 𝑦) = 𝑐 ⋅ 𝑓 (𝑥, 𝑦) + 𝑏. (37)

where 𝑏 and 𝑐 represent the brightness and contrast parame-
ters, respectively.

Table 1 summarizes the parameters used to generate the
synthetic images.

5.2.1. Simulation Results. Using the synthetic dataset
(Section 5.2), four experiments were conducted in order to
evaluate the performance of the proposed LUIFT method
under nonuniform illumination, noise, brightness and
contrast variations. The performance of the proposed LUIFT
method performance is compared with that of the common
methods SIFT [34] and SURF [36], in terms of repeatability
and thematching score.

Our first experiment for nonuniform illumination con-
ditions is carried out by varying the distance parameter 𝜌
in test images (rotated and scaled scenes). Figure 5 shows
the obtained simulation results for nonuniform illumination
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Figure 5: Performance of the tested methods on synthetic images
rotated and scaled under the nonuniform illumination variations.
(a) Feature percentage that remains stable under illumination
variations; (b) percentage of correct detected features with respect
the original image; (c) feature descriptor performance.

in terms of the repeatability and matching score. It can be
observed that all the tested methods are capable to detect and
match feature points of the synthetic test images. However,
the feature detection performance, as well as the matching
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performance of the SIFT and the SURF methods, decreases
considerably when illumination becomes more nonuniform.
Note that the proposedmethod significantly outperforms the
tested methods on low-illuminated scenes, reaching up to
50% of improvement.

The next experiment consists in testing of the method
performance under Gaussian noise degradations carried out
by varying the standard deviation value 𝜎 in test images
(rotated and scaled scenes). Figure 6 shows the simulation
results for noise degradation in terms of the repeatability and
thematching score.

The performance of the SIFT method decreases as the
noise variance increases, meanwhile the performance of the
SURF detector remains stable. In terms of the repeatability
score, the performance of the SIFT and SURF detectors is
worse by almost 20% than that of the proposed LUIFT
method, whereas the SURF method shows the worst perfor-
mance with respect to the matching score among all tested
descriptors.

The final experiments for brightness and contrast vari-
ations are carried out by varying the 𝑐 and 𝑏 parame-
ters in test images (rotated and scaled scenes). Figures
7 and 8 show the simulation results for contrast and
brightness variations in terms of the repeatability and
matching score, respectively. The obtained results show that
the SIFT method is less sensitive to monotonic illumina-
tion changes. However, the proposed method yields the
best performance in terms of repeatability and matching
score.

Next, in order to compare the performance of the
proposed detector and descriptor to that of the state-
of-the-art methods in real scene images, the OFFICE
(http://www.zhwang.me/datasets.html) and the PHOS
(http://www.computervisiononline.com/dataset/1105138614)
datasets were utilized.

5.3. Real Dataset Experiments. The OFFICE dataset, pro-
posed in [21], contains two different scenes called corridor
and desktop. Each scene set contains 5 images with mono-
tonic illumination variations (see Figure 9). For each image
set, the performance of the proposed descriptor and the state-
of-the-art methods are evaluated.

Figure 10 shows the performance of the tested methods
in terms of repeatability for feature detector, and the recall
vs 1-precision curve for the feature descriptor. It can be
observed that the proposed descriptor obtain a superior
performance compared with that of the state-of-the-art
evaluated methods. Despite that the performance of the
FAST feature detector looks to that of the proposed LUIFT
detector for the corridor scene in terms of repeatability
(Figure 10(a)), the number of correct feature points detected
in all the images for the proposed detector is greater than for
the FAST detector (Figure 10(b)). Furthermore, the number
of features detected in the original image using the FAST
detector decreases by more than 50% as the corridor scene
is degraded (Figure 10(b)), and almost 75% for the desktop
scene (Figure 10(e)). The main drawback of FAST detector is
that the desired number of features detected by the method
needs to be adjusted for each type of scene or task. Note that
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Figure 6: Performance of the tested methods on synthetic images
rotated and scaled under the noise degradations. (a) Feature per-
centage that remains stable under noise degradations; (b) percentage
of correct detected features with respect the original image; (c)
feature descriptor performance.

it is important for the detector methods to have not only a
high repeatability score, but also to obtain a high number of
correct points.

http://www.zhwang.me/datasets.html
http://www.computervisiononline.com/dataset/1105138614
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Figure 7: Performance of the tested methods on synthetic images
rotated and scaled under the contrast variations. (a) Feature percent-
age that remains stable under contrast variations; (b) percentage of
correct detected features with respect the original image; (c) feature
descriptor performance.

Also the PHOS dataset [58] was used. The PHOS dataset
contains 15 different scenes (see Figure 11) captured under
different illumination conditions. Every scene of the dataset
contains 15 different images: 9 images captured under dif-
ferent uniform illumination, varying the camera exposure
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Figure 8: Performance of the tested methods on synthetic images
rotated and scaled under the brightness changes. (a) Feature per-
centage that remains stable under brightness changes; (b) percentage
of correct detected features with respect the original image; (c)
feature descriptor performance.

between -4 and +4 from the original correctly exposed image
(see Figure 12(a)); and 6 images under different degrees of
nonuniform illumination, accomplished by adding a strong
directional light source to uniform diffusive lights located
around the objects (see Figure 12(b)).
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Figure 9: OFFICE dataset: corridor and desktop scenes.
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Figure 10: Office dataset results. For the corridor scene set: (a) Feature detector repeatability, (b) correct feature points detected, and (c)
feature descriptor recall vs 1-precision curve. For the desktop scene set: (d) feature detector repeatability; (e) correct feature points detected;
and (f) feature descriptor recall vs 1-precision curve.
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scene1 scene2 scene3

scene4 scene5 scene6

scene7 scene8 scene9

scene10 scene11 scene12

scene13 scene14 scene15

Figure 11: Scenes from the PHOS dataset. Each scene contains different types of objects.

Figure 13 shows the performance of the proposed LUIFT
descriptor and the state-of-the-art methods on the PHOS
dataset in terms of repeatability and the recall vs 1-precision
curve. For the case of exposure variations, Figure 13(a)
shows the average feature detector performance in terms
of repeatability, and Figure 13(b) shows the average feature
descriptor performance in terms of the recall vs 1-precision

curve. For the case of nonuniform illumination variations,
Figure 13(c) shows the average feature detector performance
in terms of repeatability, and Figure 13(d) shows the average
feature descriptor performance in terms of the recall vs 1-
precision curve. The performance of the proposed LUIFT
detector and descriptor is superior to that of all the tested
methods, even for the LUIFT-8 descriptor.
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Figure 12: Test images from scene15. (a) Exposure variations (EV); (b) nonuniform illumination variations.

Table 2: Computation time of the tested methods for the graffiti image (800 × 640).
Method detected points time (ms)
SIFT 2916 802
SURF 4713 418
LUIFT 1719 1097

The performance of the tested methods for each scene
set (including exposure and nonuniform illumination) are
shown in Figure 14 in terms of the recall vs 1-precision curve.
The proposed method outperforms the other descriptors in
all the cases.

Finally, Table 2 shows computation time (ms) required
by the tested methods for processing of the graffiti image
(800 × 640). As expected, the SURF descriptor is faster
than all methods. That is because of the use of Haar-like
filters and integral images to improve the processing time
at expense of its performance. On the other hand, the SIFT
descriptor is based on Laplacian of Gaussian approxima-
tions instead of getting second order derivatives, which are
more computationally expensive. However, since Laplacian

of Gaussian approximations are made by the difference of
Gaussian images, there exist errors in feature location or
losing features. Besides, the SIFT descriptor duplicate feature
points if they get two prominent orientations, collectingmore
features than the proposed method. All the experiments
were performed on a standard PC with Intel Xeon E5-1603
processor with 2.8GHz and 16GB of RAM.

6. Conclusions

In this work, a robust phase-based descriptor for pattern
recognition in degraded images using the scale-space mono-
genic signal and phase congruency approach was presented.
With the help of computer simulation, the performance
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Figure 13: Performance of the tested methods on the PHOS dataset in terms of repeatability and the recall vs 1-precision curves. (a and b)
Exposure variation results; (c and d) nonuniform illumination variation results.

of the proposed method was compared with that of the
state-of-the-art methods. The proposed method shows a
superior performance under illumination variations, and
noise degradations. Besides, the obtained results on typical
dataset for evaluation of feature detection and matching
performance are competitive with those obtained with the
state-ofthe-art descriptors. The performance of the proposed
method can be further improved by including into the

design pyramidal scale decomposition. Since the proposed
method is inherently local, its fast GPU implementation is
straightforward.
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Conjunctions have different interpretations: they eliminate redundancies: “Maŕıa se bañó y se peinó” (Maria bathed and she combed
her hair), unite different ideas: “Hoy llovió y no fui a corer” (Today it rained and I did not go to run) and use of lists: “EranAlma, Edith
y Omar” (They were Alma, Edith and Omar). Conjunctions take different semantic contexts. We understand each other because
of the common sense despite expressing ourselves incorrectly from the standpoint of semantics, but for a computer it is difficult.
In order to “understand” the sentences, the machine must solve semantics problems; this article exposes one of these problems.
ANACONJ is an algorithm of pattern recognition of texts, which uses rules and syntactic patterns that analyze each word of a
sentence in a phrase, identifying those sentences with conjunctions to build a semantic tree of the sentence where the conjunction
connects words (nouns, verbs, etc.) according to their meaning. ANACONJ could be used as a teaching Spanish software tool and
as an app for a service robot too.

1. Introduction

Making computers “interpret” the right semantic of differ-
ent expressions as complete sentences in which it includes
instructions used in a regular language spoken and written
is not a trivial task. Natural language has an inherent char-
acteristic: the ambiguity, which the human being solves with
the context, based on the real world experience and the
common sense. From those aspects that computer just uses
the context to identify themeaning of the written words.That
is even more complex for developing the app based on the
common sense is not part of the computer programming.
There are several problems that the machine must solve such
as problems of disambiguation of prepositions [1] and of
nouns [2], resolution of anaphoric references [3], solution
of indirect anaphora [4], and finally the semantic analysis.
The way we solve the problem of identifying the meanings
of a conjunction is by using syntactic rules and patterns, in
addition to semantic frames (we are solving ambiguity with
two important tools in information processing).

To get the right text’s semantics, it is necessary to use the
grammar rules and adapt them to the machine programming

language [5]. The Natural Language Processing (NLP) is
the responsible area of processing information in common
language [6], and in this area there are several techniques
which help the computer to process information such as the
following:

(i) Morphological analysis (tagging)
(ii) Syntactic analysis (parsing)
(iii) Word-sense disambiguation
(iv) Semantic analysis

Semantic frameworks are fragments of data structures that
represent a scenario, for example, the description of the
concept restaurant unfolds on the stage where commands are
performed,menus are observed, accounts are paid, customers
are registered, there is furniture such as chairs, tables, and
lamps, and there are people who play a role as waiters, head of
servers, cooks, diners, and so forth. All these elements (which
we call concepts) are located and described in the semantic
framework. Particularlywe connect the semantic frameworks
in an ontology.
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func: top
synt: grup-verb
form: habló (spoke)
lemma: hablar
tag: VMIS3S0

func: dobj
synt: coor-n
form: y (and)
lemma: y
tag: CC

func: subj
synt: sn
form: María
lemma: maría
tag: NP00000

func: co-n
synt: sn
form: Juan
lemma: juan
tag: NP00000

func: modnomatch
synt: grup-verb
form: escuchó (listened)
lemma: escuchar
tag: VMIS3S0

Figure 1: The tree of dependences generated by the FreeLing analyzer from the phrase “Mary spoke and John listened to her.”

The ontology as an etymological root that comes from
Latin ONTO (being) and LOGOS (treaty) which is the
treatise of being and in turn has two meanings: (a) the
philosophical and (b) the computational, the first intervenes
with the ontology of being, as a deep meaning of knowledge,
experience, and praxis of a person, and in the second it refers
to the knowledge base that stores everything about a set of
objects, ideas, and events, which are related to each other
according to their meaning. For example, the concept of a cat
whose meaning refers to a quadruped animal with hairs and
ears and that maul is closer semantically to hairs, play, and
milk than a mechanical object, change wheels, vehicle, etc.

The analysis of conjunctions presented in this paper ap-
plies to any descriptive text (written in prose describing
events, textbooks, recipes, tools, etc.) to represent it in a
structure according to the computer. The use of NLP, infor-
mation retrieval, and knowledge acquisition tools has made
some progress in the analysis, mainly in English documents,
but for Spanish there are a few. This article represents a
contribution to the NLP for Spanish that could be imple-
mented in a service robot such as SABINA (http://ccc.inaoep
.mx/busqueda.php?cof=FORID:11&cx=004801418483011671-
169:-8q4-3zbk5y&q=sabina) that receives indications in nat-
ural language and is transported in a housing space to carry
out the action that is indicated to the robot.

1.1. Problem Statement. The conjunction can be analyzed at
language level; however the tasks oriented to the computer

science allow us to demonstrate these theoretical analyses
through algorithms. Today there are many computational
applications that solve problems of the natural language
where there are the problems of pattern recognition in texts.
These applications do not analyze the semantic context; in
other words ANACONJ is able to interpret whole sentences,
not isolated words, including the context as well based on
semantic and the applied linguistics.

One of the applications that parses sentences in natural
language is FreeLing [7] and since its analysis is purely gram-
matical, when analyzing sentences that have conjunctions
there are some details that deserve to be discussed, and the
analyzer does not recognize the sense of the conjunction,
within the sentence. For example, the text “Maŕıa habló y
Juan escuchó” (Mary spoke and John listened to her) indicates
that the conjunction and can be used in different senses, for
example, (1) to join two ideas “Mary spoke and John listened
to her” and (2) to indicate the last element of a list “we need
to buy milk, bread, ham and eggs.” In the first case “Mary
spoke and John listened to her,” there are two ideas, each one
conformed by a verb and a noun phrase, first “Mary spoke,”
and second “John listened to her.” Two separate ideas could
be considered; that is, they do not have a semantic relation
between them, so that their nodes (represented by rectangles
in Figure 1) should not be linked in the tree of dependencies.

A dependency tree is a set of nodes that are related
through their grammatical relationship. It can be observed
in Figure 1 that the verb spoke is united with the verb

http://ccc.inaoep.mx/busqueda.php?cof=FORID:11&cx=004801418483011671169:-8q4-3zbk5y&q=sabina
http://ccc.inaoep.mx/busqueda.php?cof=FORID:11&cx=004801418483011671169:-8q4-3zbk5y&q=sabina
http://ccc.inaoep.mx/busqueda.php?cof=FORID:11&cx=004801418483011671169:-8q4-3zbk5y&q=sabina
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VESTIMENTA {clothing} PREFERIBLE INFORMAL{informal is better}
REGALO {gi�} ------------ DEBE COMPLACER AL ANFITRIÓN {it should like the host}

DEBE SER COMPRADO Y ENVUELTO {it must be bought and wrapped}
JUEGOS {games} -------- ESCONDIDILLAS, PONLE LA COLA AL BURRO {hide-and-seek, Pin the tail on thedonkey}

DECORACIÓN {decor}-- GLOBOS, SERPENTINA, PAPEL CREPÉ {toy balloons, serpentine streamer, trimmings} 

COMIDA DE FIESTA {party food}
PASTEL {cake} ---------- VELAS, SOPLAR, DESEO, CANTAR CANCIÓN DE CUMPEAÑOS {candles, to blow, 

wishes, to sing Happy birthday to you}
HELADO {ice cream}-- ESTÁNDAR, TRES-SABORES {one flavor, three flavors}

PASTEL, HELADO, REFRESCO, HOT DOGS {cake, ice cream, soda, hotdogs}

Figure 2: Frame depicting a children’s birthday party.

listened and also unites the conjunction andwith John, which
semantically does not apply in reality.

The way in which the tree nodes are related semantically
is identifying the meaning of the conjunction in the sen-
tence using semantic frames (to be explained in Section 2).
ANACONJ represents a module of treatment of conjunctions
that identifies the function that fulfills the conjunctionwithin
the sentence. According to the analysis of semantics, the
result returned by ANACONJ represents the grammatical
and semantic relationship between the nodes of the tree,
which is often close to the way of human’s relation.

1.2. Challenges. The PNL has greatly progressed for texts in
English (many works in English or German mention that his
work is expandable, efficient, and independent of language,
or “applicable with minor and trivial changes”. We have
seen that these changes are heavy and in general have not
been tested) but not for Spanish. Many tools and resources
are still missing; for example, the EAGLES standard [8] is
available, but a semantic tagger is needed to help identify
the semantic closeness between the elements of a sentence.
However, ANACONJ uses the EAGLES standard and is
based on semantic frameworks that together form a semantic
network or ontology to solve the problem of the identification
of meanings.

1.2.1. Contributions.

(i) Automatic identification (unsupervised) of meanings
in conjunctions in natural language texts.

(ii) Use of frames [9] through OM (Ontology Merging)
notation [10] that providesmore detail to descriptions
of frame. Its notation was created by the author of
ANACONJ.

(iii) The fact that ANACONJ contributes to the simple
representation of a text; for example, it is useful as
a didactic tool in the process of learning Spanish in
the basic and high levels. Also it is very useful in
the learning of the language by foreign people and to
specify the meaning of an order received by a service
robot, for example, SABINA, since if the order is
ambiguous it increases the percentage of error of the
robot.

2. Semantic Frames to
Represent the Knowledge

This is a partial theory of thought that combines a number
of classical and modern concepts of psychology, linguistics,
and artificial intelligence. The essence of the theory is the
following.When a person discovers a new situation (ormakes
a substantial change in the way of seeing a situation) the
person selects from his memory a structure called Frame;
this is an agreed framework that adapts to fit with reality,
changing details as required.This implies that the frames keep
the knowledge that a person has about a given situation.

A frame is a data structure to represent a stereotyped
situation, for example, meeting in a certain type of room, or
going to a children’s birthday party. Each frame has different
types of information about how to use the frame, what you
can expect to happen in that context, andwhat does not occur
in it.

The meaning for a child’s birthday party is very poorly
approximated to the definition of any dictionary, such as
“a party held to celebrate a birthday” where a party can be
defined, in turn, as “people gathered together for a celebra-
tion.” It has not all the detail of the activities carried out in
it. Children know that the “definition” should include more
specifications. Figure 2 presents the frame or scenario with
the activities and characteristics of the definition of children’s
birthday party.

These elements for a typical American birthday party
should be established over a period of time. Larger events
take place on one or more days. A party takes place in a day,
of course, and occupies a substantial part of it, and then it is
located in its respective day frame.

In the following frame (Figure 3) the noun “institution” is
described in theOMnotation (to be explained in Section 3.2).
Themeaning of each of the elements that make up the frames
will be mentioned later, although we can use role = node to
mean that the concept institution is a main node of the frame.
A set of frames forms an ontology.

Figure 4 shows the example of a frame describing a verb
(hold), where agent indicates who realizes the action of
“hold,” passive indicates who is affected by the action, cosa-
viviente (living thing), and objeto-artificial (artificial object)
are categories called active agent and passive agent. For
example, person has the category: living thing, and bottle has
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<concept> Institución
<Language>Spanish

<word> institución, establecimiento</word>
</gloss> Organización fundada y reunida por un propósito en específico</gloss>

</Language>
<subset> organización </subset>
</relation>role = nodo </relation>

</concept>

Figure 3: Frame that describes the noun “institution.”

<concept> sujetar
<Language>spanish

<word>atrapar, sujetar</word>
<gloss>El acto de sujetar un objeto con las manos</gloss>

</Language>
<subset> tomar</subset>
<relation>role = relation </relation>
<relation>agente = cosa-viviente, objeto-artificial </relation>
<relation>pasivo = cosa-viviente, objeto-artificial </relation>

</concept>

Figure 4: Frame that describes the verb “Hold.”
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Figure 5: Example of ontology called “tool.”

the category artificial object (that is to say, is not natural
thing). In conclusion, hold is a verb that can be used between
two words: person holds a bottle; dog holds the ball.

3. Theoretical Framework

ANACONJ uses an ontology, and for that reason a definition
is presented below.

3.1. Ontology. Something that is important to mention is
the relationship between ontology and semantic frameworks.
Frames serve the ontology to identify the relationship that
exists between the concepts that compose it. This is because
each of the concepts stored in the ontology is described by a
semantic framework, which indicates different characteristics
of the object.

ANACONJ makes use of ontologies. An ontology in
general is defined as “a representation or formal specification
of a shared conceptualization” [11].

An ontology is like a great tree with its branches (nodes),
including the branches and the baby branches coming out
from them, excepting the root of the tree. For example,
suppose you have a root called tool, and then you will have as
baby node amanual tool and an electric tool.Manual tool will
in turn be the father node of hammer, screwdriver, and lever
nodes while electric tool will be the parent of all electric tools:
drill, vacuum cleaner, chainsaw, and nodes. See Figure 5.

The composition of ontologies, similar to a tree, allows us
to traverse them in a simple way to identify the relationship
between the concepts that compose it. It is also necessary to
take into account the fact that all the concepts in the ontology
are related; that is to say, all the concepts in the ontology will
be linked to the same root node, the reason why one has to be
careful when implementing methods to cross that ontology,
since if you go through the ontology passing through all the
parents of a concept, you will come to that root. Figure 5
shows a graphic example of how an ontology is structured.

The accuracy of the results obtained in ANACONJ
depends largely on the correct design of the ontology, i.e.,
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according to reality, taking care of the correct representation
of homonyms (hammer, screwdriver, and lever) to avoid
ambiguities, identifying the concept sense in the ontology.
Those who develop the ontology sometimes do not know
all the meanings of a concept or do not design the ontol-
ogy according to norms and standards. The standard that
has been followed for the construction of the ontology of
ANACONJ is the one that indicates the dictionary of the RAS
(Royal Spanish Academy).

3.2. The OM Language. The OM Notation [10] represents
ontologies throughXML (eXtensibleMarkup Language) such
as OWL (Ontology Web language) and RDF (Resource
Description Framework) languages of ontologies. OM not
only describes resources and services like OWL and RDF do.
OM represents objects, geographic locations, bibliographies,
and even novels (referring to novel phrases, this is not
recommended because they are fantastical and unrealistic
phrases used that the computer would not be able to inter-
pret).

An example of unrealistic phrase was extracted from the
novel: “Cien años de soledad” by Gabriel Garcı́a Márquez:
“Un gitano corpulento, de barbamontaraz y manos de gorrión,
que se presentó con el nombre de Melquiades, hizo una
truculenta demostración.” This phrase is so complicated to
be represented in an ontology because the different senses
that could be understood totally different and not according
to the words of the sentence. In the case of “sparrow hands”
the computer would be looking to establish the relationship
between the hands of aman and the bird. ANACONJ uses the
text better due to the fact that it does not include figurative
words.

The OM notation has basic tags like the ones to be
described below. For more information we refer to (Cuevas-
Rasgado, 2006). The following tags are used to describe
ANACONJ semantic frameworks.

1. <concept>: this label represents or defines a concept.
A concept can be an object as a chemical compound:
Trinitrotoluene, geographical place: Querétaro, per-
sonage: Benito Juárez (that would be the instance of
a set of objects of type person), ideas like “The city of
the hope”, intangible objects like: Soul, and emotions
like sadness, animals: cat, plants: poppy, transport: car,
tools: hammer, etc. A concept can contain in itself
other concepts and thus is the nesting of concepts.The
closing tag is </ concept>.

2. <language>: it always precedes the <concept> tag. It
contains the language that describes the concept; it
can be Spanish, English, and French.The fact thatOM
defines an ontology in French, English, or Spanish
implies that all concepts will be related in the same
language. The closing tag is </ language>.

3. <word>: it is always placed after the <Language> tag.
It contains all the synonyms of a concept; for example,
if the concept is person the <Word> tag would be
defining words as human, individual, and subject.

Regularly the concepts have at least one synonym.The
closing tag is </ word>.

4. <gloss>: it always precedes the </ word> tag. It
contains the description or gloss of the concept, as its
definition appears in the dictionary.The closing tag is
</ gloss>.

5. <subset>: all concepts have an ancestor except the
root concept of the ontology; therefore, the content of
the <subset> tag indicates the ancestor of the concept
currently in definition.

6. <relation> role: it represents an explicit or external
relationship with which the concept currently being
defined is connected, in which case role means exter-
nal role of the current concept with respect to others.
It is possible to realize that concepts with role do not
have an agent or a liability.

7. <relation> agent: it contains those concepts that are
active agents, which means the one who performs the
action of the verb, for example, in the phrase “the cat
drinks milk”, the concept “cat” performs the action
“drinks milk.”

8. <relation> passive: it contains those concepts or
passive agents; in the example “the cat drinks milk”
it is milk who suffers the action of the verb.

The relations (relation) link an “active agent” concept with a
“passive agent” concept, which can be found on the left and
right, respectively, of the verb or relationship, in a sentence.

3.3. Coordinating Conjunctions. Themost used coordinating
conjunctions of Spanish are five:

(1) and (copulative),

(2) or (disjunction),

(3) but,

(4) nor,

(5) if not (adversative).

The conjunction y transforms into e whenever it goes before
an i; for example, Palestine e Israel; for its part, the conjunc-
tion o is transformed into u whenever it goes before one or,
for example, Defensive or offensive? [12].

Coordinating conjunctions function as nexuses to pro-
duce syntactic coordination. These conjunctions can unite
linguistic forms that fulfill the same function and possess or
do not possess the same category.

ANACONJ identifies the conjunction AND and then
makes the links of the semantic tree according to its main
function in the sentence, which is considering that it is one
of the 8 main functions of Table 1.
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Table 1: List of the main functions of conjunction AND.

Num. Elements to the left and right of the conjunction Example of the use of the conjunction according to its location in
the sentence

1 Subjects His joy and spontaneity enchants him.
2 Verbal Predicates The prongs hold and damage.
3 Attributes Good friendships are pleasing and necessary.
4 Direct complement They rented house and car.
5 Indirect compliment Sent medicines to Bosnia and Senegal
6 Circumstantial complement They arrived late and angry.
7 Subordinate prepositions Tell them if you are happy and if you plan to continue.
8 Non-subordinated sentences Write stories and take care of your children

4. Related Works

4.1. Brief Analysis of the Semantic Analyzers of Texts. There
are many works done but most of them are for texts in
English; the following are the ones closest to ANACONJ’s
work (for English language):

The study [13] presents an analysis of wh-complements in
Montague Grammar. The difference in sense between that-
complement and whether-complements plays an important
role in the explanation of the semantic properties of sentences
in which they are embedded. We coincide with authors
that embedding a complement under a verb semantically
corresponds to applying the interpretation of the verb to the
sense of the complement, i.e., to a propositional concept.

Verbs such as know and tell operate on the denotations
of their complements, i.e., on propositions, and not on their
sense, i.e., propositional concepts.

Different kinds of verbs are analyzed, for example:
inquisitive verbs (ask, wonder), verbs of conjecture (guess,
estimate), opinion verbs (be certain about), verb of relevance
(matter, care), and verbs of dependency (depend on).

Different examples are explained using index; i.e., con-
sider the following arguments, of which one of the premises
contains a wh-complement with one or more occurrences of
wh-terms such as who, what, and which. For example,
John knows which man walks
Bill walks

------------
John knows that Bill walks

Which proposition is denoted by who walks depends on
the actual denotation of walk. If Bill walks, the proposition
denoted by who walks should entail that Bill walks; if Peter
walks, it should entail that Peter walks.This index dependent
character can more generally be described as follows. At an
index i, who walks denotes that proposition p, which holds
true at an index 𝑘 if the denotation of walk at 𝑘 is the same as
its denotation at i.

The authors conclude that it is difficult to interpret the
denoting proposition just by a question as the only true
answer for it. Most of the examples that they have analyzed
conclude that there is not a semantic theory on its own field
that provides a satisfactory result.

The semantic theory requires a pragmatic theory to
work. The authors expect that the semantic theory of

wh-complements developed in their article in [13] contributes
to the survey of the semantic field.

The authors in [14] identify and validate from a large
corpus constraints from conjunctions on a positive or neg-
ative semantic interpretation of the conjoined adjectives,
a long linear regression models used by these constraints
to predict if the conjoined adjectives are the same or
different orientations, achieving an 82% of accuracy when
the conjunctions are considered independently in this task.
Evaluations on real data and simulation experiments show
high performance levels: with classifications accuracy more
than 90% on adjectives that occur in a modest number of
conjunctions in the corpus. The strong point of this article
is that decisions on individual words are added to provide
information on how to group words into a class and whether
to label the class as positive or negative.

In reference to [14], the authors have seen that the
mentionedworks strive to perform an exhaustive parsing and
grammatical analysis but there is a distance between these
characteristics and the semantic aspect. In fact the works
get very good results but could improve if the semantics
were taken into account. FreeLing is a project of several
years of maturity and has grown exponentially adding other
dictionaries like German and Russian to Spanish, English,
and Catalan, but some degrees of error in its representation
can be resolved with the use of ANACONJ. The role of
ANACONJ is to add semantics to a grammatical parser to
enrich it and improve it.

5. Development of ANACONJ

Below is the set of steps to resolve the sense of conjunction in
the sentence.

5.1. How the System Works. In the module: the natural lan-
guage sentence, from Figure 6, ANACONJ goes through each
word of the sentence entered by the user. For example: Maŕıa
habló y Juan escuchó (Mary spoke and John listened to her).
After that, in tagger words module, a tag is placed on each
word (including the punctuation) of the sentence using the
EAGLES standard. In the same figure, Revision of semantics
in the sentencemodule the core of ANACONJ is done by the
ontology, which contains nodes and relations.
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Natural language sentence

Tagger words

Revision of semantics in
the sentence

Sentence analyzer using Freeling

Final dependency tree

Ontology

Frames

Treatment of
conjunctions

Figure 6: The block diagram of ANACONJ where each block encloses a process and the arrows indicate the sequence of these. The
bidirectional arrow indicates that the block sends data and at the same time receives modified data.

We use concepts of common knowledge related by
hyponyms and hypernyms, meronyms, synonyms, and
semantic frames (Frames module) in order to identify the
meaning of the conjunction, and here we apply the active
and passive agents (seen in Figure 4).Themodule: Treatment
of the conjunctions labels the conjunctions as NEWCC and
gives theway for using the FreeLing rules, in sentence analyzer
using FreeLing module, and verifies the partial output of the
dependency tree identifying the NEWCC tags. The links are
corrected to create the final dependency tree, built up in the
final dependency tree module. The tree is created based on
the corrected links in FreeLing. Figure 6 contains the steps
followed by ANACONJ. More details are in [15].

The diagram of treatment of conjunctions module is
shown in Figure 7.

The way in which ANACONJ works is assigning a weight
to the new rules, by relabeling the coordinating conjunc-
tions identified in the sentences; that is, if a coordinating
conjunction (y o e) fulfills the function of joining two ideas,
this is relabeled as “NEWCC.” The new label (NEWCC)
does not exist within FreeLing’s rules, so no rule applies to
conjunctions relabeled as NEWCC.

After relabeling the conjunctions as NEWCC, it is only
necessary to assign a very large weight (9999) to the rules that
apply to these conjunctions. Because the weight of these rules
is very large, FreeLing first resolves the rest of the dependen-
cies of the sentence, to which we apply rules of lesser weight.
This is how ANACONJ manages that FreeLing first analyzes
the ideas to which the conjunction is joining, and finally both
ideas are subordinated to the coordinating conjunction.

Once the new rules have been successfully applied, a
correct dependency tree for the sentence is obtained, as
shown in Figure 8.

6. Tests

In the case of sentences with conjunctions, we have analyzed
sentences in which coordinating conjunctions, specifically
the “and” and “e,” are combined, joining two different ideas,
whichwe decided to solve. To carry out the tests with this type
of sentences the example was taken again:Maria habló y Juan
escuchó (Mary spoke and John listened to her).

First, we tested the ideas united by the coordinating con-
junction separately, and we identified that FreeLing performs
the dependency analysis correctly for both ideas, since in
both the verb is the root of the dependency tree. This can be
seen in Figures 9 and 10.

Freeling's analysis was followed step by step, which
allowed verifying that, in effect, the elements to the left of the
conjunction were analyzed as a verbal phrase (Mary spoke),
and the resulting analysis was the tree of Figure 11.

In this way FreeLing assumes that whenever the conjunc-
tion is found and in the sentence, it will serve to enumerate
nominal phrases. Under this principle FreeLing will continue
his analysis and subordinate the closest noun phrases to the
right and left of the conjunction and for the case of this
example only finds a noun phrase to the right which is Juan.

In order to check what was stated in the previous para-
graph, a new testwas executedwith the sentence “Maŕıa habló
español y Juan escuchó.” See Figure 12. Considering FreeLing’s
rules, the español and Juan words should be subordinated to
the conjunction y (and).

As can be seen in Figure 14, FreeLing only considers the
conjunction and to perform enumerations. Once this process
is done, the analysis of the sentence will continue, but it will
be wrong to analyze the text to the right of the conjunction,
since it will only find a verb (listened), since the noun phrase
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¿Is there a 
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¿Are there subjects
between the conjunction?
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¿Are there atributes 
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¿Are there indirect complements 
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more words? end
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Continue analyzing each 
sentence
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Figure 7: The diagram of the figure details the algorithm for the solution of the conjunctions, and specifically only those conjunctions that
are to be labeled are indicated to give a later treatment.

(John) has been subordinated to the same conjunction, and a
default rule will apply and subordinate the verb listened to the
main verb of the sentence (spoken), which is incorrect since
one verb cannot subordinate another.

A correct analysis should consider that the conjunction
is the core of the sentence since it is linking two different
ideas and therefore this should be the root of the dependency
tree.
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Y 
(NEWCC) 

habló
(VMIS3S0)

escuchó 
(VMIS3S0)

.
(F-termC)

María
(NP00000)

Juan
(NP00000)

Figure 8: Tree of dependencies according to ANACONJ for the sentenceMaria habló y Juan escuchó (Mary spoke and John listened to her).

func: top
synt: grup-verb
form: habló
lemma: hablar
tag: VMIS3S0

func: term
synt: F-term
form: .
lemma: .
tag: Fp

func: subj
synt: sn
form: María
lemma: maría
tag: NP00000

Figure 9: Tree of dependencies for the sentencesMaŕıa habló (Mary spoke).

func: top
synt: grup-verb
form: escuchó
lemma: escuchar
tag: VMIP1S0

func: subj
synt: sn
form: Juan
lemma: juan
tag: NP00000

func: term
synt: F-term
form: .
lemma: .
tag: Fp

Figure 10: Tree of dependencies for the sentences Juan escuchó (John listened).
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func: top
synt: grup-verb
form: habló
Lemma: hablar
tag: VMIS3S0

func: co-n
synt: sn
form: Juan
lemma: juan
tag: NP00000

func: term
synt: F-term
form: .
Lemma: .
tag: Fp

func: dobj
synt: coor-n
form: y
Lemma: y
tag: CC

func: subj
synt: sn
form: María
Lemma: maría
tag: NP00000

Figure 11: Analysis with FreeLing for the sentence:Maŕıa habló y Juan escuchó.

func: top
synt: grup-verb
form: habló
Lemma: hablar
tag: VMIS3S0

func: co-n
synt: sn
form: español
lemma: español
tag: NCMS000

func: modnomatch
synt: grup-verb
form: escuchó
Lemma: escuchar
tag: VMIS3S0

func: dobj
synt: coor-n
form: y
Lemma: y
tag: CC

func: subj
synt: sn
form: María
Lemma: maría
tag: NP00000

func: co-n
synt: sn
form: Juan
lemma: juan
tag: NP00000

func: term
synt: F-term
form: .
lemma: .
tag: Fp

Figure 12: Tree of dependencies for the sentences:Maŕıa habló español y Juan escuchó using FreeLing without ANACONJ.
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y
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come
(VMIP3S0)

come
(VMIP3S0) (F-termC)

y
(CC)

papas
(NCMP000)

hamburguesa
(NCFS000)

Franz
(NP00000)

carne
(NCFS000)

Enrique
(NP00000)

Figure 13: Tree of dependencies according to ANACONJ for the sentences Enrique come carne y Franz come hamburguesa y papas.
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(NCFS000)
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viajan
(VMIP3P0)

Y
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(VMIP350)

toma
(VMIP350)

.
(F-termC)

Figure 14: The tree is formed automatically. The generation time of this depends on the number of words in the sentence.

7. Results

We star the tests with two sentences: first example, is shown
in Figure 13:

Enrique come carne y Franz come hamburguesa y papas,
(Enrique eats meat and Franz eats hamburger and potatoes).

Second example: Enrique toma café negro con deliciosa
leche caliente y pan dulce con mermelada y Franz toma un
delicioso café con sus amigos mientras viajan en un tren
a Guanajuato (Enrique drinks black coffee with delicious
hot milk and sweet bread with jam and Franz drinks a
delicious coffee with his friends while they travel on a train
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to Guanajuato), The rectangles with dotted line joins verbs,
nouns, complements, etc. See Figure 11.

7.1. Examples Using Corpus in Spanish. The Conference on
Computational Natural Language Learning (CoNLL) 2009
(https://ufal.mff.cuni.cz/conll2009-st/task-description.html)
corpus is the result of an effort between work teams,
for 5 years. These teams have the purpose of promoting
applications of Natural Language Processing. The corpus is
evaluated under standard configuration, and specifically the
Corpus version 2009 is dedicated exclusively to syntactic
parsing.

We download CoNLL 2009 Spanish trial, after we tried
ANACONJ to identify the conjunction AND, and finally 38
conjunctions were found in 32 sentences; see the next list. For
clarity, the conjunctions are bold char.

(1) El gobernante con ganada fama desde que llegó hace
16 meses al poder de explotar al máximo su oratoria y
acusado por sus detractores de incontinencia verbal...

(2) . . .aceptó el aplazamiento de los comicios y valoró la
”pedagógica”medida como un triunfo de la democracia
venezolana.

(3) . . . la gira presidencial prevista entre el 16 y el
25 de junio por varios paı́ses de la Organización
de Paı́ses Exportadores de Petróleo (OPEP),..

(4) .. la generalidad de las fuerzas poĺıticas venezolanas de
ser el verdadero y único causante del aplazamiento . . .

(5) . . . lluvia de cŕıticas por su “falta de experiencia”y a sus
cincomiembros se les ha prohibido la salida del paı́s, . . .

(6) . . . el Congresillo quiere guardar las formas y consultar
a la “sociedad civil” . . .

(7) . . . seŕıa la composición idónea y equilibrada del CNE,..
(8) . . . deben tener experiencia para “dirigir procesos com-

plejos”,y deben ser personas con independenciay equi-
librio, respetabilidad y reconocida solvencia moral,...

(9) . . .se vio obligado a salir de los ya casi normalesy
permanentes rumores de golpe de Estado,y negó que
haya división en las filas castrenses ymuchomenos que
esté en marcha una conspiración contra Chávez.

(10) . . . los partidarios de Chávez y los seguidores del
aspirante presidencial y también militar retirado,
Francisco Arias Cárdenas,...

(11) . . .La amnist́ıa favorece a los catorce coroneles
detenidos y al más de un centenar de oficiales . . .

(12) . . .Noboa, que fue vicepresidente en el gobierno de
Mahuad y le sucedió en el cargo tras su caı́da. . .

(13) . . . la amnist́ıa permitirá la pacificación de la nación y
la creación de un ambiente propicio para el diálogo y la
concertación...

(14) Y es que los coroneles rebeldes gozan de una amplia
simpat́ıa..

(15) . . . indı́genas que ocuparon el 21 de enero el Palacio y
luego marcharon hacia el centro . . .

(16) . . . la suspensión de procesos penales civiles y los
seguidos en la Corte de Justicia Militar. . .

(17) . . .Los frentes populares no están dispuestos a que las
fuerzas impongan sanciones y si, acaso, las aplican,
convocarán...

(18) “Vamos a estar vigilantes de que se cumpla la Consti-
tución y que la amnist́ıa sea total...

(19) . . . los grupos sociales retomarán las movilizacionesy se
podŕıa llegar “a una convulsión mayor”.

(20) . . . la amnist́ıa tiene por objetivo “pacificar al paı́s”,y
devolver la tranquilidad...

(21) . . . otro contenedor amarillo (más pequeño, acoplado
al del papel, para reciclar pilas normales);y otro más
pequeño aún (colocado sobre el anterior para las pilas
botón).

(22) . . .Reciclaje, ahorro, aprovechamiento de los residuos y
lucha contra el despilfarro energético. . .

(23) . . . escritor inglés excepcional y sarcástico proponı́a . . .
(24) . . . reciclarla, guardarla y volverla a calentar al dı́a

siguiente.
(25) Y, en la mesa, se acabó eso de usar los palillos una sola

vez y tirarlos.
(26) . . . los restos de comida que hayan quedado adheridos

y ponerlos a secar.
(27) . . . cada uno de nosotros evitará que hectáreas y

hectáreas de bosque sean diezmadas...
(28) Y, ya que en eso estamos, . . .
(29) ensartarlos en un hilo de nylon, y alternados con los

huesos de las aceitunas . . .
(30) Y nos quemamos.
(31) . . . los tres reyes eran blancos y que en vez de un Niño

Jesús,
(32) . . . el uno era blanco y el otro rojizo.

The CoNLL corpus is not the complete version but it has
enough examples that were tested with ANACONJ.

Phrases Found in the Corpus. In the corpus we found 32
phrases that contain 38 instances of conjunction AND that
comply with the styles explained in Table 1 (conjunction of 1
to 8 ). For example, in the sentence number 1: El gobernante,
con ganada fama desde que llegó hace 16 meses al poder
de explotar al máximo su oratoria(NCFS000) y (NEWCC)
acusado (VMP00SM) por sus detractores de incontinencia
verbal. . .

Explanation: in this sentence the conjunction connects to
a noun and a verb, being classified according to the sentences
of style number 8 of Table 1 (nonsubordinate clauses).

(A) . . .llegó hace 16 meses al poder de explotar al máximo
su oratoria (. . .he arrived 16 months ago to the power
to exploit to the maximum its oratory)

(B) acusado por sus detractores de incontinencia verbal...
(accused by his detractors of verbal incontinence. . .)

https://ufal.mff.cuni.cz/conll2009-st/task-description.html


Mathematical Problems in Engineering 13

The two events are connected to the conjunction because
none depends on the other. That is, one is not a consequence
of the other.

Phrases Not Found in the Corpus. Of the 32 sentences in total
that contain conjunctions, ANACONJ did not recognize 4
phrases whose structure is not contemplated in its rules; that
is, they do not comply with the styles explained in Table 1 and
are basically exclamations, for example,

Y (CC),(FC) en (SP) la (DA0FS0) mesa (NCFS000),
se acabó eso de usar los palillos. (And, there is not used
anymore the toothpicks on the table).

Explanation: in the unrecognized sentence, the conjunc-
tion is preserved with the label “CC” and not changed by
“NEWCC” as happens when a tree is corrected (see Figure 7)
and although it connects to a noun there is no rule (or not was
considered in theANACONJ algorithm) according to Table 1.

Another test was done using the Cast3LB corpus [16], a
treebank for Spanish; this treebank is part of 3LB project
that aims to build 100,000 words Spanish. Cast3LB will be
enriched in the future with semantic as well as pragmatic
information.

We specifically applyANACONJ to the treebank that con-
tains 2,294 conjunctions AND. ANACONJ did not recognize
926 conjunctions that are not in Table 1 and also those whose
frames are not defined in his ontology and those that are not
considered in his set of rules.

8. Conclusions

In this work we present the ANACONJ system that recog-
nizes 8 different styles of using AND conjunction according
to the semantics of the sentence in which it is found. It works
very well for descriptive documents but has been tested with
CoNLL09 with good results. ANACONJ had lower precision
with Cast3LB corpus because the number of frames of the
ontology was less than the number of nouns and verbs of the
corpus.

ANACONJ allows the creation of a semantic tree through
patterns and rules. According to the achieved results, ANA-
CONJ is able to identify the semantics of more than 90% of
conjunctions.

Some specific examples were given in Section 7. The
analyzed corpus was obtained from http://ufal.mff.cuni.cz/
conll2009-st/. We find that the methods used in ANACONJ
seem to work reasonably well for descriptive texts in Spanish.
The semantic tree that ANACONJ produces could be used
as a reference in concept maps that are very useful at the
elementary and high school level. At this educational level
the student uses the reading and comprehension of Spanish
texts of a topic, identifying their properties, types, and
characteristics and differentiating it or relating it to similar
concepts. Another use of ANACONJ is in service robots; this
robot receives an order and builds its semantic tree finding
the most appropriate meaning of the order. For example, the
robot could identify a sentence hasmore than one action to be
performed, ve a la cocina y trae un plátano (go to the kitchen
and bring a banana).
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Design of conventional correlation filters requires explicit knowledge of the appearance and shape of a target object, so the
performance of correlation filters is significantly affected by changes in the appearance of the object in the input scene. In particular,
the performance of correlation filters worsens when objects to be recognized are partially occluded by other objects, and the input
scene contains a cluttered background and noise. In this paper, we propose a new algorithm for the design of a system consisting of
a set of adaptive correlation filters for recognition of partially occluded objects in noisy scenes. Since the input scene may contain
different fragments of the target, false objects, and background to be rejected, the system is designed in such a manner to guarantee
equally high correlation peaks corresponding to parts of the target in the scenes. The key points of the system are as follows: (i) it
consists of a bank of composite optimum filters, which yield the best performance for different parts of the target; (ii) it includes a
fragmentation of the target into a given number of parts in the training stage to provide equal intensity responses of the system for
each part of the target. With the help of computer simulation, the performance of the proposed algorithm for recognition partially
occluded objects is compared with that of common algorithms in terms of objective metrics.

1. Introduction

Recognition and tracking of objects in observed scenes
degraded by additive noise, in the presence of cluttering
backgrounds, geometricmodifications such as pose changing
and scaling, nonuniform illumination, and eventual object
occlusions are challenges that a modern recognition algo-
rithmmust solve. In this paper, we deal with partial occlusion
of objects to be recognized, in other words, when only some
parts of the target are visible. Recent works have paid much
attention to this problem [1–5].

Nowadays, object recognition based on correlation filters
receives much research interest due to its high impact in real-
life activities, such as video surveillance, human-computer
interaction, robotics, biometrics, and target tracking [6–
12]. Correlation filtering is a powerful technique for object
recognition because of its ability to perform two essential
tasks simultaneously: detection of a target within an observed

scene and computation of the exact position of the detected
object [13, 14]. Another advantage of correlation filters is
their ability to detect multiple objects in a single scene
simultaneously [15–17].

The performance of correlation pattern recognition may
be improved either by discarding noise components from
the output of a linear system [18] or by using an adaptive
approach to the filter design [19]. The former approach is
suitable for classification problems [20], whereas the latter
is preferable for detection and tracking applications. For the
case of nonstationary noise such as a cluttered background,
statistical parameters of the noise are space-variant. The
frequency response of a correlation filter is locally adapted
to the parameters estimated in small spatially homogeneous
fragments of the input scene. The locally adaptive filter
improves pattern recognition in terms of location errors for
a noisy environment that is important for accurate target
detection.
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Conventional correlation filters without training may
yield a poor performance to recognize a target partially
occluded by other objects [21], for example, to recognize a
pedestrian partially coveredwith a tree or amanwearing sun-
glasses. There are several proposals to treat partial occlusions
with correlation filters [22–29]. All of them use independent
parts of the target to synthesize a composite correlation filter.
However, no study was carried out on an augmented division
of the object into parts.

Campos et al. [22] carried out a study on the performance
of some correlation filters to discriminate occluded objects.
They compare the phase-only filter, the inverse filter, and the
trade-off filter between theminimumvariance andminimum
average correlation energy. All used filters enhance the edges
of the object in order to have a good discrimination. The
target is divided uniformly into seven parts without any
justification. Moreover, the performance of the filters in the
presence of noise and geometric distortionswas not analyzed.
Adaptive correlation filters for recognition of fragmented
objects imbedded into real-life scenes and in the presence of
additive noise were presented [23, 24]. The target is divided
into independent fragments for the design of an adaptive
filter. It was supposed that at least one of the fragments
responses to the visible fragment of the target is embedded
into the scene. Additionally, the algorithm uses available
contour and texture information to improve recognition of
partially occluded objects. Recent work [28] improves recog-
nition of partially occluded objects embedded into a known
cluttered background with an adaptive composite filter. The
proposed filters are able to discriminate noisy similar objects,
even, when available information of a target is about 19%.
Khoury et al. [30] developed several optimal correlation
algorithms for detection of obscured targets embedded into
a disjoint background. It was noted that the boundary
between obscuring and obscured objects makes a significant
contribution to the correlation peak. So, blurring of the
boundaries was utilized for detection of obscured targets.

Recently, masked correlation filters (MCFs) were
designed [31] to handle partial occlusions in face images.
MCFs utilize prior knowledge of the location of partial occlu-
sions in test images as well as the zero-aliasing correlation
filtering (ZACF) [27]. Since in real-life applications the
location of partial occlusions is usually unknown, the filters
cannot be widely used.

Finally, note that, in the design of common correlation-
basedmethods, the target is arbitrarily divided into a number
of parts, which are used for the design of composite filters.
One of the motivations of this research is to determine a
reasonable way for the target division to guarantee a high
level of the overall system performance. In order to obtain
a good recognition of each target part in noisy input scenes,
the optimum correlation filters are also utilized [32].

The paper is organized as follows. Section 2 recalls the
design of composite correlation filters. Section 3 describes
the proposed algorithm for target fragmentation and robust
recognition of partially occluded objects with multiple com-
posite filters. Section 4 with the help of computer simulation
presents the performance of the proposed algorithms in
terms of detection efficiency. The results are discussed and

compared with those obtained with common correlation
filters. Finally, Section 5 presents our conclusions.

2. Composite Correlation Filters

We are interested in the design of a correlation filter that
is able to recognize a fragment of the target embedded into
a disjoint background in the scene corrupted with additive
noise.Thedesigned filter should be also able to recognize geo-
metrically distorted versions of the target. Let 𝑇 ={𝑡𝑖(𝑥, 𝑦); 𝑖 = 1, . . . , 𝑁} be an image set containing geometri-
cally distorted versions of the target. The input scene is
assumed to be composed by the target 𝑡(𝑥, 𝑦) embedded into
a disjoint background 𝑏(𝑥, 𝑦) at unknown coordinates (𝜏𝑥,𝜏𝑦), and the scene is corrupted with additive noise 𝑛(𝑥, 𝑦), as
follows:

𝑓 (𝑥, 𝑦) = 𝑡 (𝑥 − 𝜏𝑥, 𝑦 − 𝜏𝑦)
+ 𝑏 (𝑥, 𝑦)𝑤 (𝑥 − 𝜏𝑥, 𝑦 − 𝜏𝑦) + 𝑛 (𝑥, 𝑦) ,

(1)

where 𝑤(𝑥, 𝑦) is a binary function defined as zero inside
the target area and unity elsewhere. The optimum filter for
detecting the target, in terms of the maximum of the signal-
to-noise ratio (SNR) and the minimum variance of location
errors (LE), is the generalized matched filter (GMF) [13],
whose frequency response is given by

𝐺𝑀𝐹∗ (𝑢, V) = 𝑇 (𝑢, V) + 𝜇𝑏𝑊(𝑢, V)
𝑃𝑏 (𝑢, V) ⊗ 𝑊 (𝑢, V)2 + 𝑃𝑛 (𝑢, V)

, (2)

where 𝑇(𝑢, V) and 𝑊(𝑢, V) are the Fourier transforms of𝑡(𝑥, 𝑦) and 𝑤(𝑥, 𝑦), respectively; 𝜇𝑏 is the mean value of the
background 𝑏(𝑥, 𝑦); 𝑃𝑏(𝑢, V) and 𝑃𝑛(𝑢, V) denote the power
spectral densities of 𝑏0(𝑥, 𝑦) = 𝑏(𝑥, 𝑦) − 𝜇𝑏 and 𝑛(𝑥, 𝑦),
respectively. Symbol ⊗ denotes convolution.

Let ℎ𝑖(𝑥, 𝑦) be the impulse response of a GMF con-
structed for the 𝑖th available view of the target 𝑡𝑖(𝑥, 𝑦). Let𝐻 = {ℎ𝑖(𝑥, 𝑦); 𝑖 = 1, . . . , 𝑁} be the set of all GMF impulse
responses constructed for all training images 𝑡𝑖(𝑥, 𝑦). Addi-
tionally, let 𝑆 = {𝑠𝑖(𝑥, 𝑦); 𝑖 = 1, . . . ,𝑀} be an image set
containing 𝑀 unwanted patterns to be rejected. In order to
recognize all target views in 𝑇 and reject the false patterns in𝑆, by combining the optimal filter templates contained in𝐻,
we synthesize a composite correlation filter. Filter 𝑝(𝑥, 𝑦) can
be constructed as follows [33]:

𝑝 (𝑥, 𝑦) = 𝑁∑
𝑖=1

𝛼𝑖ℎ𝑖 (𝑥, 𝑦) +
𝑁+𝑀∑
𝑖=𝑁+1

𝛼𝑖𝑠𝑖 (𝑥, 𝑦) , (3)

where the coefficients {𝛼𝑖; 𝑖 = 1, . . . , 𝑁 + 𝑀} are chosen to
satisfy prespecified output values for each pattern in𝑈 = 𝑇∪𝑆. Using vector-matrix notation, we denote byR amatrix with𝑁 + 𝑀 columns and 𝑑 rows equal to the size of the images,
where each column is the vector version of each element of𝐻 ∪ 𝑆. Let a = [𝛼𝑖; 𝑖 = 1, . . . , 𝑁 + 𝑀]𝑇 be a vector of
coefficients. Thus, (3) can be rewritten as

p = Ra. (4)
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Let us denote by

u = [1, . . . , 1⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
𝑁ones

, 0, . . . , 0⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
𝑀 zeros

]
𝑇

(5)

the desired responses to the training patterns and denote
by Q the matrix whose columns are the elements of 𝑈. The
response constraints can be expressed as

u = Q+p, (6)

where superscript + denotes conjugate transpose. Substitut-
ing (4) into (6), we obtain

u = Q+Ra, (7)

a = [Q+R]−1 u. (8)

Finally, substituting (10) into (4), the solution for the
composite filter is given by

p = R [Q+R]−1 u. (9)

Note that the value of the correlation peak obtained with
(9) is expected to be close to unity for true-class objects and
close to zero for false-class objects.

The MACE [34] filter minimizes the average correlation
energy of the correlation outputs for the training imageswhile
simultaneously satisfying the correlation peak constraints at
the origin. The effect of minimizing the average correlation
energy is that the resulting correlation planes would yield
values close to zero everywhere except at the location of a
trained object, where it would produce an intense peak. In the
Fourier domain, the MACE filter can be expressed in vector
form as follows:

pMACE = D−1R [R+D−1R]−1 u, (10)

where matrix D contains along its diagonal the average
power spectrum of the training images (i.e., average of the
magnitude squares of the columns of R).

The Optimal Trade-off Synthetic Discriminant Function
(OTSDF) [14] filter is a correlation filter that is similar to the
MACE filter. In theOTSDF formulation,matrixD is replaced
withV = D+ 𝛿I, where I is an identity matrix and 𝛿 > 0. The
inclusion of the identity matrix improves noise tolerance.

The discrimination capability (DC) is a measure of the
ability of the filter to distinguish a target from unwanted
objects; it is defined by the following [33]:

DC = 1 −
𝑐𝑏2
|𝑐𝑡|2 , (11)

where 𝑐𝑏 is the value of the maximum correlation sidelobe in
background area and 𝑐𝑡 is the value of the correlation peak
generated by the target. A DC value close to unity indicates
that the filter has a good capability to distinguish between
the target and any false object. Negatives values of the DC
indicate that the filter is unable to detect the target. Also,
if the obtained DC is greater than a prespecified threshold
(DC > DCth), then the target is considered as detected and,
otherwise, the target is rejected.

3. Recognition of Partially Occluded Objects

In this section we describe the proposed algorithm for
recognition of partially occluded objects using a new target
fragmentation procedure and a bank of composite correlation
filters. To improve the detection performance of correlation
filters an adaptive approach to the filter design is utilized [35].

The proposed algorithm for automatic fragmentation of
the target into 𝑛 parts is shown in Figure 1.

First, suppose that a visible fragment of the object
obtained due to occlusion of the object always contains a part
of the object contour. So, we define fragments 𝐹1, . . . , 𝐹𝑛 as
sectors of the circle inscribing the object. For each of the
fragments 𝐹1, . . . , 𝐹𝑛 and the object𝑂(𝑥, 𝑦), the output of the
linear system can be defined as correlation peaks between the
impulse response of the correlation filter and the correspond-
ing fragment or the entire object, that is, 𝑃𝐹1 , . . . , 𝑃𝐹𝑛 , and 𝑃𝑂,
respectively. In general, the impulse response of the optimum
filter (see (2)) depends on the input scene information. If such
information is unavailable, the phase-only filter may be used
for approximate solution of the problem. We want to divide
the target into 𝑛 sectors in such a manner to obtain equal
responses of the linear system to each fragment. In other
words, we look for the solution to the following functional:

{𝐹∗𝑖 }𝑛𝑖=1 = argmin
{𝐹𝑖}
𝑛

𝑖=1

𝑛∑
𝑖=1


𝑃𝑂𝑛 − 𝑃𝐹𝑖

 , (12)

where {𝐹𝑖}𝑛𝑖=1 are all possible divisions of the object 𝑂(𝑥, 𝑦).
Actually, minimization of the functional (12) may produce
numerous solutions. In this case, additional constraints such
as equal area of the fragments can be used for selection a
unique one.

Figure 2 illustrates the optimal fragmentation of the
object from 2 to 9 fragments with the help of the proposed
algorithm.

The filter design requires knowledge of a typical back-
ground image and a target.We construct a bank of composite
optimum filters. The proposed algorithm for the design of
composite correlation filters is given as follows.

Step 1. The algorithm starts with an optimal fragmentation
of the object 𝑂(𝑥, 𝑦) into 𝑛 fragments {𝐹∗𝑖 (𝑥, 𝑦)}𝑛𝑖=1 (see
Figure 1).

Step 2. Synthesize GMF correlation filters {ℎ𝑖(𝑥, 𝑦)}𝑛𝑖=1 in
(2) for reliable detection and location estimation of the
fragments.

Step 3. For 𝑖 = 1, . . . , 𝑛, synthesize a composite adaptive cor-
relation filter 𝑝𝑖(𝑥, 𝑦) as follows [35]: (i) perform correlation
between ℎ𝑖(𝑥, 𝑦) and the background image. If the obtained
DC is greater than a prespecified threshold (DC > DCrec),
then the fragment could be successfully detected in the input
scene, and 𝐹𝑖(𝑥, 𝑦) is added to set 𝑇; otherwise, the detected
object 𝑠𝑖(𝑥, 𝑦) around false peak is added to the set 𝑆; (ii)
synthesize a composite filter 𝑝𝑖(𝑥, 𝑦) with the help of (9); (iii)
iteratively perform steps (i) and (ii) with 𝑝𝑖(𝑥, 𝑦) until the
condition DC > DCrec is satisfied.
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Set the object O and the number of fragments n

Divide uniformly the object O into k = 360 sectors

Generate all combinations of the sectors in n subsets

Find the combination with equal sys-
tem responses to n subsets. These n

subsets are optimal fragments of object

Compute the correlation peaks PF1
,. . ., PF

, and PO

Figure 1: Block diagram of optimal fragmentation of the target into 𝑛 fragments.

Figure 2: Results of the optimal fragmentation of the object into 2, . . . , 9 fragments.
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Figure 3: Block diagram of the proposed algorithm for partially occluded object recognition.

Step 4. The bank of composite adaptive filters {𝑝𝑖(𝑥, 𝑦)}𝑛𝑖=1
is used for reliable recognition of partially occluded objects.
Detection can be carried out by correlating the input scene
with each filter of the bank. Next, the DC in each of the
correlation planes is calculated, and the planewith the highest
DC value is chosen as the system output. If the obtained DC
is greater than a prespecified threshold (DC > DCth), then
the target is considered as detected; otherwise, the object is

rejected. Finally, the location of the correlation peak in the
chosen output plane is taken as an estimate of the location of
the object in the scene. The recognition procedure with the
bank of filters is summarized in Figure 3.

Note that in the proposed algorithm the number 𝑛
of fragments can be properly chosen to ensure a desired
accuracy using aminimumnumber of correlation operations.
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Table 1: FN errors (%) for the proposed algorithm depending on number 𝑛 = 1, . . . , 9 of fragments (𝐹1, . . . , 𝐹9); SNR of 5 dB, 10 dB, 15 dB,
and 25 dB; level of available information (OV) of 20%, 40%, 60%, 80%, and 100%.

SNR, OV% 𝐹1 𝐹2 𝐹3 𝐹4 𝐹5 𝐹6 𝐹7 𝐹8 𝐹9
5 dB 20% 100 99.4 99.1 98.6 98.5 97.4 98.3 97.6 95
5 dB 40% 96.2 86.8 80.8 70.9 74.8 71.2 66.7 69 62.6
5 dB 60% 47.3 36.2 31.1 25.1 28.2 22.6 21.2 22.1 19.8
5 dB 80% 12.7 11.6 10.5 8.1 9.2 6.4 7.5 6.5 5.8
5 dB 100% 6 5.7 5.4 5.3 4.5 3.7 3.8 4 3.5
10 dB 20% 96.6 90.6 86.9 85.7 85.8 84.9 85 83.1 83.5
10 dB 40% 49.8 24.8 17.8 12.6 13.1 10.6 7.4 8.4 7.2
10 dB 60% 2.1 0.8 0.6 0.1 0.5 0 0.1 0.5 0.2
10 dB 80% 0.2 0 0.2 0 0 0.1 0.1 0 0
10 dB 100% 0 0 0 0 0 0 0 0 0
15 dB 20% 82.9 75.2 73 73.3 72.1 72.1 72.2 71.5 71.1
15 dB 40% 3.9 1.3 0.5 0.8 0.5 0.1 0 0.2 0
15 dB 60% 0 0 0 0 0 0 0 0 0
15 dB 80% 0 0 0 0 0 0 0 0 0
15 dB 100% 0 0 0 0 0 0 0 0 0
25 dB 20% 71.8 70 69.1 67.1 66.4 65.3 64.3 62.3 62.6
25 dB 40% 0.2 0.1 0 0 0 0 0 0 0
25 dB 60% 0 0 0 0 0 0 0 0 0
25 dB 80% 0 0 0 0 0 0 0 0 0
25 dB 100% 0 0 0 0 0 0 0 0 0

Table 2: FP errors (%) for the proposed algorithm depending on number 𝑛 = 1, . . . , 9 of fragments (𝐹1, . . . , 𝐹9); SNR 5 dB, 10 dB, 15 dB, and
25 dB.

SNR, OV% 𝐹1 𝐹2 𝐹3 𝐹4 𝐹5 𝐹6 𝐹7 𝐹8 𝐹9
5 dB 0% 0 0 0 0 0 0.1 0.2 0.2 0.1
10 dB 0% 0 0 0 0 0 0 0.1 0.2 0.2
15 dB 0% 0 0 0.1 0.2 0.1 0.1 0.3 0.4 0.2
25 dB 0% 0 0.1 0.9 1.1 1.4 1.7 2 2.1 2.3

Detection performance and location accuracy are mono-
tonically increasing with the number of filters in the bank;
therefore, there exists a trade-off between a desired quality of
detection and computational complexity in terms of required
correlations.

4. Computer Simulation

In this section, the performance of the proposed algorithm
for recognition of partially occluded objects is presented in
terms of detection efficiency. The results are compared with
those obtained with successful composite correlation filters,
that is, MACE [34], OTSDF [22], SDF [14, 35], and SDF with
MACE (SMACE) filters [23, 24].

In this paper, type I and type II recognition errors are used
for comparing the recognition accuracy of tested algorithms.
Type I error occurs when the algorithm asserts something
that is absent, a false hit. Type I error is called false positive
(FP). Type II error occurs when the algorithm fails to assert

what is present, a miss. Type II error is called false negative
(FN).

With the help of extensive computer simulation we
show how detection reliability and localization accuracy
for recognition of partially occluded objects with common
and proposed correlation filters depend on the number of
fragments, level of input noise, and level of target overlapping.
In order to guarantee correctly statistical results, we use
55 different scenes and 16 different objects (see Figure 4).
The algorithms are tested in input scenes containing the
entire target and randomly occluded targets with the level of
available information of 20%, 40%, 60%, 80%, and 100% of
the object area. Also, input scenes are corrupted by additive
white noise with signal-to-noise ratio (SNR) of 5 dB, 10 dB,
15 dB, 20 dB, and 25 dB.

Tables 1 and 2 show the FP and FN errors for the proposed
algorithm as a function of number 𝑛 = 1, . . . , 9 of fragments,
SNR of 5 dB, 10 dB, 15 dB, and 25 dB, and the level of available
information of 20%, 40%, 60%, 80%, and 100%. Note that the
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Table 3: Comparison of the performance in terms of FN errors (%) of the proposed algorithm (𝐹9), MACE, OTSDF, SDF, and SDF with
MACE (SMACE) filters; SNR of 5 dB, 10 dB, 15 dB, and 25 dB; level of available information (OV) of 20%, 40%, 60%, 80%, and 100%.

SNR, OV% 𝐹9 MACE OTSDF SDF SMACE
5 dB, 20% 95 96.2 96 96.6 96.9
5 dB, 40% 62.6 89.6 90.1 91.2 75.5
5 dB, 60% 19.8 73.5 76.5 72.4 69.8
5 dB, 80% 5.8 61.4 64.5 62.4 59.4
5 dB, 100% 3.5 30.9 32.3 31.7 30.8
10 dB, 20% 83.5 93.3 90.2 91 89.7
10 dB, 40% 7.2 52.2 58.6 53.3 30.4
10 dB, 60% 0.2 24.9 30.7 23.5 20.3
10 dB, 80% 0 17.1 18.6 16.4 16
10 dB, 100% 0 8.6 9.9 8.4 8.4
15 dB, 20% 71.1 83.4 78.4 82.4 78.3
15 dB, 40% 0 22.5 22.2 18.4 8.7
15 dB, 60% 0 5.8 7 5.7 3.2
15 dB, 80% 0 2.7 2.9 2.4 3.1
15 dB, 100% 0 1.1 1.3 1.4 1.2
25 dB, 20% 62.6 66.6 66.9 69 64.4
25 dB, 40% 0 14.3 13 11.7 6.5
25 dB, 60% 0 2.5 3.1 2.4 2.5
25 dB, 80% 0 1.1 1.2 1.5 1.7
25 dB, 100% 0 0.4 0.2 0.2 0.4

Figure 4: Examples of scenes with different objects.

threshold DCth = 0.6 provides the minimum of the FP and
FN errors.

One can observe that the proposed algorithm with a
strong occlusion (20% of available information) yields high
FN errors of 62%–100% depending on the number of frag-
ments and noise level. However, the recognition performance
of the algorithm improves rapidly when either the number
of the fragments or SNR increases. On the other hand, the

performance of the proposed algorithm in terms of FP errors
is excellent.

Tables 3 and 4 show FP and FN errors for the proposed
algorithm with division of the object into 9 fragments (𝐹9),
MACE, OTSDF, SDF, and SDF with MACE.

The tested algorithms use the same number of fragments.
However, the division of the object into nonoverlapping
fragments is performed uniformly according to the authors’
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Table 4: Comparison of the performance in terms of FP errors (%) of the proposed algorithm (𝐹9), MACE, OTSDF, SDF, and SDF with
MACE (SMACE) filters; SNR of 5 dB, 10 dB, 15 dB, and 25 dB.

SNR, OV% 𝐹9 MACE OTSDF SDF SMACE
5 dB 0% 0.1 0.4 0.6 0.5 0.5
10 dB 0% 0.2 0.7 0.9 0.8 0.7
15 dB 0% 0.2 0.8 1.1 0.9 1
25 dB 0% 2.3 2.1 2.5 2.1 2.5

recommendation. One can observe that the proposed algo-
rithm yields much better performance for different circum-
stances with respect to the objective criteria.

5. Conclusion

In this paper, we proposed a new algorithm for the design of a
linear system consisting of a set of adaptive correlation filters
for recognition of partially occluded objects in noisy scenes.
The system consists of a bank of composite optimum filters,
which yield the best performance for different parts of the
target. In the training stage, the system divides the target into
a given number of parts to provide equal intensity responses
of the system for each part of the target. With the help of
computer simulation, we showed that the performance of
the proposed algorithm for recognition partially occluded
objects is much better that of common algorithms in terms
of objective metrics.
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Anomaly event detection in crowd scenes is extremely important; however, the majority of existing studies merely use hand-crafted
features to detect anomalies. In this study, a novel unsupervised deep learning framework is proposed to detect anomaly events in
crowded scenes. Specifically, low-level visual features, energy features, andmotionmap features are simultaneously extracted based
on spatiotemporal energy measurements. Three convolutional restricted Boltzmann machines are trained to model the mid-level
feature representation of normal patterns. Then a multimodal fusion scheme is utilized to learn the deep representation of crowd
patterns. Based on the learned deep representation, a one-class support vectormachinemodel is used to detect anomaly events.The
proposed method is evaluated using two available public datasets and compared with state-of-the-art methods. The experimental
results show its competitive performance for anomaly event detection in video surveillance.

1. Introduction

With the rapidly increasing demand for public safety and
security, surveillance videos are extremely important in
security monitoring of public places. Among the various
applications of surveillance videos, anomaly event detection
is becoming one of the fundamental challenges and has
attracted considerable attention from both academia and
industry in recent years [1–4]. However, it is still relatively
difficult to design a general framework for anomaly event
detection and localization owing to the typical difficulties of
anomaly detection.

One fundamental difficulty is the definition of an
anomaly event, which varies significantly for different types of
video scenes [2]. In general, an anomaly refers to an irregular
event that occurs rarely in long time videos. However,
the anomaly detection task is extremely difficult because
enumerating all possible anomalies in a given surveillance
video is infeasible. Therefore, such task needs to identify
anomalies based on given the normal training events. One
common solution to this one-class learning problem is to

learn normal event patterns from training videos and then
detect anomaly events based on the distance between the test
video and the normal event patterns.

Another difficulty in anomaly event detection is how
to extract discriminative features to model video events
[2]. With the rapid development in computer vision tech-
niques, many studies have modeled video events from
various perspectives. For example, low-level features such
as the histogram of gradient and the histogram of optical
flow are calculated to describe the space–time distribution
of motion patterns [5]; however, these low-level feature
descriptions are usually hand-crafted. In recent years, many
studies have modeled video events using object trajectories
[6, 7]. Trajectory-based features usually capture the high-level
semantic relations between motion objects; however, these
methods need to implicitly segment and track each object
in crowd scenes, which is still a challenging issue due to
occlusions and camera motion.

Currently, deep learning architectures have shown
impressive performance for various tasks in computer vision,
such as image segmentation [8], image classification [9],
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object detection [10], and activity recognition [11]. These
works mainly focus on supervised learning applications with
convolutional neural networks; however, labeled anomaly
events in surveillance videos are often difficult to obtain in the
field of anomaly event detection. Fortunately, unsupervised
deep learning methods have also been studied to address
important tasks such as object tracking [12] and face
alignment [13]. Nevertheless, studies on unsupervised deep
learning architecture are rare in the field of anomaly event
detection. Xu et al. [14] first introduced an unsupervised deep
learning framework to learn a deep representation of ap-
pearance and motion based on stacked denoising au-
toencoders [15]. Anomaly events are then detected by fusing
three one-class support vector machines (SVMs). Feng et
al. [16] developed a deep Gaussian mixture model (GMM),
which stacks multiple GMM layers on top of each other to
learn normal event models, where high-level feature de-
scriptors are extracted by training a principal component
analysis network (PCANet) [17] from 3D gradients.

In this study, we propose a novel multimodal deep
representations framework for anomaly event detection in
complex crowded surveillance videos. In contrast to previous
studies [14, 21], instead of just using appearance or motion
features or other low-level features to model the event
patterns, we propose to learn the discriminative deep feature
representation by fusing multimodal features including mid-
level visual features, spatiotemporal energy features, and
multiscalemotionmap features. A novel framework based on
convolutional deep belief networks (CDBNs) [22] is intro-
duced to achieve this goal. Foreground video patches are first
extracted based on the spatiotemporal energies of the video
sequence, and then low-level visual features, low-level energy
features, and low-level motion map features are utilized as
inputs of the three separate CDBNs to first learn mid-level
feature representations. To further learn semantic deep fea-
ture representation, these three mid-level features are input
to a multimodal fusion scheme to learn high-level deep
features. Finally, a one-class SVM classifier is introduced to
predict the anomaly events.

Compared with existing algorithms, contributions of this
study are listed as follows:

(i) We propose a new unsupervised deep learning frame-
work to learn mid-level feature representations by incorpo-
rating low-level visual features, low-level energy features, and
low-level motion map features.

(ii) We introduce a multimodal fusion framework fusing
mid-level deep features to learn semantic feature representa-
tions for modeling normal crowd events.

(iii) We obtain a comparative performance of our mul-
timodal deep feature representation with state-of-the-art
methods for anomaly detection on challenging anomaly
datasets.

2. Related Works

Recent advances in anomaly event detection model the dis-
crimination between normal and abnormal patterns. Normal
patterns are firstmodeled from training data, and then abnor-
mal patterns are detected as test samples having minimum

error decision values. Generally, existing works for anomaly
event detection can be roughly divided into trajectory-based
methods and spatiotemporal patch-based methods.

For trajectory-based methods, trajectory extraction is
usually the first step; then trajectory cluster or trajectory-
based feature representation is performed to model the
normal event patterns. For example, Piciarelli et al. [23] clus-
tered groups of trajectories sharing similar features based on
a single-class SVM; anomaly detection then became as only
a matter of comparing the testing trajectory with the clus-
ter model. Cui et al. [24] modeled the interaction energy
potential of tracking points based on the positions and
velocities of the neighboring points. In their method, the
interaction energy potential function reflects the current state
of a person and the relationship between current states, and
then the corresponding reactions are explored to model the
normal/abnormal patterns. In order to address occlusion
and segmentation problems, Bera et al. [25] conducted a
multiple-person tracking by a reciprocal velocity obstacle
algorithm and represented the state of agent based on the
ensemble Kalman filter to provide the position, velocity, and
intermediate goal position of the current agent.Then the local
feature representation and global feature representation of the
pedestrian behavior are extracted based on the state of the
agent. In addition, some works focused on tracking particle
dynamics to model normal crowd flows. For example, Wu
et al. [6] used Lagrangian particle trajectories to model the
dynamics of crowd flow. Then the chaotic invariant feature
from the representative trajectory can be extracted based on
the largest Lyapunov exponent and correlation dimension.

As for spatiotemporal patch-based methods, event
motion patterns are learned based on the 2D image patch or
3D video volume. Adam et al. [26]modeled the histograms of
optical flow in a local region based on the exponential
distribution. Mehran et al. [27] introduced a social force
model to analyze crowd behavior, where interaction forces
between pedestrian particles are calculated based on optical
flow. Li et al. [18] developed a hierarchicalmixture of dynamic
textures (H-MDT) to model video representations, where
temporal normalcy and spatial normalcy are modeled to
detect the spatiotemporal behavior of crowd videos. In
this method, a conditional random field (CRF) is used to
measure the spatial and temporal abnormalities. Kim and
Grauman [19] introduced a mixture of probabilistic principal
component analyzers (MPPCA) to model local optical flow
patterns.The space–timeMarkov randomfield (MRF) is then
constructed to model the normal activities in the video.
Recently, some works focusing on sparse representation have
achieved promising results in the field of anomaly detection
and localization. Cong et al. [28] proposed a sparse cost
(SRC) over the normal dictionary to measure the normalness
of a testing sample, where the training dictionary is designed
with sparsity consistency constraint. However, this method is
time consuming. Lu [20] et al. proposed a high-speed sparse
combination learning framework to model normal events
based on the 3D gradient features of a spatiotemporal video
cube. This method has successfully detected anomaly event
with a speed of 150 frames per second.
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Figure 1: Overview of the proposed deep representation for crowd anomaly detection.

3. Learning Multimodal Deep Representations

In general, a typical approach to detect anomaly event is to
learnmodel representationwhich describes the normal activ-
ities in the video scene and then discovers abnormal event
by comparing feature patterns with the normal model repre-
sentation. Among the proposed approaches in the literature,
low-level visual appearance and motion feature based event
model representation has gained much popularity [1, 6, 7, 14,
24, 27, 29]. Commonly used low-level features include color
histograms from different color space, 3D spatiotemporal
gradient, and histogram of optical flow. However, motion
feature representation based on optical flow or spatiotempo-
ral gradient fails to capture the motion variation in a long-
range time. Meanwhile, many proposed approaches ignore
the effect of motion pattern changes on the event model
representation [1, 5, 7, 14, 24]. Based on the above observation,
we develop a multimodal deep representation framework as
shown in Figure 1 to generate more robust and complex rep-
resentation of crowd event. In this framework, three low-level
features are incorporated: low-level energy feature is used
to capture the principal motion feature of the foreground
motion objects, the low-levelmotionmaps feature is designed
to describe the motion patterns of the motion objects, and
low-level visual feature is adopt to capture the appearance
patterns of crowd event.

The proposed multimodal deep representation for
anomaly event detection is based on three main stages. First,
three CDBNs are introduced to learn the mid-level feature
representation of crowd data. Particularly, to ensure the
reliability of the model crowd event, different low-level
features are incorporated including visual features, motion
interactions, and distribution of the interaction features. In
the second phase, these learned mid-level feature repre-
sentations are further combined through amultimodal fusion
scheme, resulting in a fused high-level deep representation
that captures the correlation between the learned three mid-
level feature representations. Finally, a one-class support
vector machine (SVM) model is learned from all the learned
multimodal deep representations. Then, whether any test
crowd data is an anomaly can be judged based on the
learning one-class SVM. In the following subsections, we
will introduce the proposed approach in detail.

3.1. Convolutional Restricted Boltzmann Machines. The con-
volutional restricted Boltzmann machine (CRBM) is a gen-
erative model, which is trained to learn deep representations
from image data [22]. The basic CRBM consists of an input
visible layer and a hidden layer. The input layer consists of an𝑁V × 𝑁V array of binary-valued or real-valued visible units.
The hidden layer consists of a detection layer and a pooling
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layer. Both detection layer and pooling layer have 𝑘 groups of
units. Each group in the detection layer includes an 𝑁ℎ × 𝑁ℎ

array of binary units h and each group in the pooling layer
includes an 𝑁𝑝 × 𝑁𝑝 array of binary units p. The visible and
detection layers are related by an 𝑁𝑊 × 𝑁𝑊 weight matrix
W, which is shared among the detected units in the current
group across all the spatial locations to capture useful spatial
structures in one part of an image.

Then, the detection layer is partitioned into𝐶×𝐶 blocks of
locally neighboring detected units (𝐵𝑎), which are connected
to one pooling unit in the pooling layer (𝑝𝑎).Then the energy
function of CRBM with probabilistic max-pooling can be
defined as

𝐸 (k, h)
= −∑

𝑘

∑
𝑖,𝑗

(ℎ𝑘𝑖,𝑗 (W̃𝑘 ∗ V)
𝑖,𝑗

+ 𝑏𝑘ℎ𝑘𝑖,𝑗)
− 𝑐∑

𝑖,𝑗

V𝑖,𝑗

subject to ∑
(𝑖,𝑗)∈𝐵𝑎

ℎ𝑘𝑖,𝑗 ≤ 1, ∀𝑘, 𝑎,
(1)

where 𝑏𝑘 is a shared bias for each group in the detection
layer and 𝑐 is a shared bias for the visible units, ∗ denotes
convolution operation, and W̃ denotes flipping the weight
matrix W horizontally and vertically. Similarly, if the visible
units are real-valued, the energy function of CRBM with
probabilistic max-pooling can be defined as follows:

𝐸 (k, h)
= 12∑

𝑖,𝑗

V2𝑖,𝑗

− ∑
𝑘

∑
𝑖,𝑗

(ℎ𝑘𝑖,𝑗 (W̃𝑘 ∗ V)
𝑖,𝑗

+ 𝑏𝑘ℎ𝑘𝑖,𝑗)
− 𝑐∑

𝑖,𝑗

V𝑖,𝑗

subject to ∑
(𝑖,𝑗)∈𝐵𝑎

ℎ𝑘𝑖,𝑗 ≤ 1, ∀𝑘, 𝑎.

(2)

The joint probability distribution and conditional probability
distribution are given by

𝑃 (k, h) = 1𝑍 exp (−𝐸 (k, h)) , (3)

where 𝑍 is a normalization constant.

𝑃 (ℎ𝑘𝑖,𝑗 = 1 | k) = exp (𝐼 (ℎ𝑘𝑖,𝑗))
1 + ∑(𝑖 ,𝑗)∈𝐵𝑎

exp (𝐼 (ℎ𝑘
𝑖 ,𝑗

)) ,
𝑃 (𝑝𝑘𝑎 = 0 | k) = 1

1 + ∑(𝑖 ,𝑗)∈𝐵𝑎
exp (𝐼 (ℎ𝑘

𝑖 ,𝑗
)) ,

(4)

where 𝐼(ℎ𝑘𝑖,𝑗) ≜ 𝑏𝑘 + (W̃𝑘 ∗ V)𝑖,𝑗.
𝑃 (V𝑖𝑗 = 1 | h) = 𝜎((∑

𝑘

W𝑘 ∗ ℎ𝑘)
𝑖𝑗

+ 𝑐)
(for the binary visible units) ,

(5)

where 𝜎(⋅) is the sigmoid function.

𝑃 (V𝑖𝑗 = 1 | h) = 𝐺((∑
𝑘

W𝑘 ∗ ℎ𝑘)
𝑖𝑗

+ 𝑐)
(for the real visible units) ,

(6)

where 𝐺(⋅) is a Gaussian distribution.
For training the CRBM, a sparsity penalty term is added

to the log-likelihood objective to avoid trivial solutions [30].
The update rule is defined as follows:

Δ𝑏sparsity𝑘 ∝ 𝑝 − 1𝑁2
𝐻

∑
𝑖,𝑗

𝑝 (ℎ𝑘𝑖𝑗 = 1 | k) . (7)

For more details of the training algorithm, see [22, 30]. By
stacking the CRBMs, a CDBN is formed to capture the deep
feature representations.

3.2. Model Mid-Level Energy Representations with CDBN.
The majority of the existing works use optical flow to
model the feature representation of videos [1, 3, 18, 31, 32];
however, optical flow suffers from the problem of occlusions
and camera motion. In this study, we propose principal
spatiotemporal-oriented energy to represent the low-level
motion feature. The local spatiotemporal orientation energy
at each pixel x = (𝑥, 𝑦, 𝑡) can be estimated using the third
derivative of 3D Gaussian filters as follows [33]:

SOE𝜃 (x) = ∑
x∈Ω

(𝐺3

𝜃
∗ 𝑉) , (8)

where 𝐺3

𝜃
is the 3D Gaussian filter with the unit vector 𝜃 cap-

turing the 3D direction of the filter symmetry axis,𝑉 denotes
the input video, ∗ denotes the convolution operation, andΩ is a subregion around x. However, owing to the separable
characteristic of Gaussian steerable filters, the spatiotemporal
response is usually processed by a “marginalization” step [34];
then the spatiotemporal orientation energy along a frequency
domain plane with normal n̂ is defined as follows:

SOEn̂ (x) = 𝑑∑
𝑖=0

SOE𝜃𝑖(n̂) (x) , (9)

where 𝑑 is the order of the Gaussian derivation and 𝜃𝑖(n̂) is
the space–time orientation (see [34] for the computation of𝜃𝑖(n̂)).

In our implementation of energy measurement, we
extract nine spatiotemporal orientation energies with differ-
ent orientations as shown in Table 1. For illustrative purpose,
Figure 2 displays the energies that are captured from a
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(a) Frame (b) 𝑛0 = (0, 0, 1)𝑇 (c) 𝑛1 = (1, 0, 1)𝑇 (d) 𝑛2 = (1, −1, 1)𝑇 (e) 𝑛3 = (0, −1, 1)𝑇

(f) 𝑛4 = (−1, −1, 1)𝑇 (g) 𝑛5 = (−1, 0, 1)𝑇 (h) 𝑛6 = (−1, 1, 1)𝑇 (i) 𝑛7 = (0, 1, 1)𝑇 (j) 𝑛8 = (1, 1, 1)𝑇

Figure 2: Examples of crowd sequence spatiotemporal-oriented energies from the dataset: (a) a frame from the dataset; (b)–(j) spatiotemporal
energies for the following directions of 𝑛: (b) static, (c) rightward, (d) upper right, (e) upward, (f) upper left, (g) leftward, (h) lower left, (i)
downward, and (j) down right.

Table 1: Nine energies along different orientations.

Energy measurement Selected orientation
(1) 𝐸𝑠 𝑛0 = (0, 0, 1)𝑇
(2) 𝐸𝑟 𝑛1 = (1, 0, 1)𝑇
(3) 𝐸𝑟𝑢 𝑛2 = (1, −1, 1)𝑇
(4) 𝐸𝑢 𝑛3 = (0, −1, 1)𝑇
(5) 𝐸𝑙𝑢 𝑛4 = (−1, −1, 1)𝑇
(6) 𝐸𝑙 𝑛5 = (−1, 0, 1)𝑇
(7) 𝐸𝑙𝑑 𝑛6 = (−1, 1, 1)𝑇
(8) 𝐸𝑑 𝑛7 = (0, 1, 1)𝑇
(9) 𝐸𝑟𝑑 𝑛8 = (1, 1, 1)𝑇

single frame of a crowd sequence. It can be observed that
the extracted energies can capture the local spatiotemporal
structure of different orientations; for example, the rightward
energy in Figure 2(c) has a strong response to the cars
driving east, the down left energy in Figure 2(h) captures the
movement of the black car turning left, and the static energy
in Figure 2(b) has an obvious response to the pedestrians
waiting on the zebra crossing.

The nine extracted energy measurements can capture the
local motion patterns along different orientations; however,
we need to extract the crowd motion dynamics in a short
period. In this study, we describe the globalmotion pattern by
combining the spatiotemporal-oriented energies in the prin-
cipal energy measurement as follows:

SOE𝑝 (x) = max
1≤𝑖≤8

SOEn̂𝑖 (x) , (10)

where the subscript 𝑝 denotes the principal energy measure-
ment.

For illustrative purpose, Figure 3 displays the princi-
pal energy measurements that are captured from a crowd
running sequence. It can be observed that the extracted
principal energy measurements can efficiently differentiate
between the background and foreground objects in the crowd
scene. Based on this observation, we extract the foreground

principal energy patches and then input these patches to a
CDBN to capture the mid-level energy representation of the
crowd scene. We divide the crowd video into volumes of size𝑤V × 𝑑V × 𝑙V. For each volume vol, we use the mean of the
principal spatiotemporal energies in the volume as a measure
of the foreground patch as follows:

𝑠 (vol) = 1𝑤V × 𝑑V × 𝑙V ∑
x∈vol

SOE𝑝 (x) . (11)

Then if the value of 𝑠(vol) is larger than a given threshold,
that volume is considered as a foreground patch. In our
experiments, the value of the given threshold is set to 1.5 times
the average principal spatiotemporal energies of the current
crowd frame.

We use the extracted 3D foreground spatiotemporal
energy patches to train the energy CDBN, which can learn
mid-level energy representations from the original crowd
video sequence. To capture the rich spatiotemporal energy
attribution, we adopt a multiscale sliding window to extract
dense crowd patches, which are then warped into𝑤𝑒 ×ℎ𝑒 ×𝑐𝑒,
where 𝑤𝑒 and ℎ𝑒 are the width and height of each patch,
respectively, and 𝑐𝑒 is the number of channels. This energy
CDBN has two detection layers. The first detection layer
filters the inputs with 40 kernels, each of size 5 × 5 × 𝑐𝑒. The
first detection layer is followed by a probabilisticmax-pooling
layer with its pooling factor set as 2. The second detection
layer, with 60 kernels of 3×3×𝑐𝑒, is then applied and followed
by a probabilisticmax-pooling layerwith its pooling factor set
also as 2.

3.3. Model Mid-Level Visual Representations with CDBN. We
use a CDBN to model the visual features of crowd anomaly
events. In a previous research [22], CDBNs have demon-
strated an excellent capability of capturing visual patterns in
the application of object recognition and handwritten digital
classification. Here, we are interested in studying how well
they perform in the task of crowd anomaly event detection.

The low-level visual features of the foreground crowd
patches extracted as described in Section 3.1 are utilized
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Frame The principal
spatiotemporal energy

Figure 3: Illustration of principal spatiotemporal energies.

for training the visual CDBN to learn mid-level visual
representations of crowd videos. The visual features of the
all foreground crowd patches are linearly normalized into a
range [0, 1]. This visual CDBN has two detection layers as
well, and the other settings of the visual CDBNare the same as
those of the energy CDBN explained in Section 3.1.

3.4. Model Mid-Level Multiscale Motion Maps with CDBN.
The principal spatiotemporal energy of the foreground
patches captures the pixelwise local motion energy; however,
we observe that different foreground patches with different
motion patterns may exhibit a similar principal energy dis-
tribution. Consider the three patches in Figure 4(a): the red
patch containing a walking man with normal speed, the blue
patch containing a running man with high speed, and the
green patch containing a man leaning against a post. Figures
4(b), 4(c), and 4(d) represent the principal spatiotemporal
energy distribution corresponding to these three patches.
While these patches represent completely different motion
patterns, one cannot easily distinguish them by only inspect-
ing their principal energy distribution.

We propose multiscale energy maps to discriminate dif-
ferent energy patterns. An energy map is a binary image with
elements covered by foreground pixels in a crowd patch set
to 1. We use the multiscale energy maps to capture the
multiple-scale level of principal spatiotemporal energy dis-
tribution, where different maps represent different energy
scales. Specifically, we use three-scale energymap channels to
represent detected principal energy patches, where each
channel is a binary map with the same size as the principal
energy patch. Two scale thresholds 𝜏1 and 𝜏2 (𝜏1 < 𝜏2) are
used to choose the different channels. Given a foreground
crowd patch, we normalize the sum of nine energies with
different spatiotemporal directions and then compute the
mean of energy within the patch (𝑀patch). If 𝑀patch < 𝜏1,
we project the patch into the first channel, setting all the
foreground pixels in this patch to 1. Otherwise, the current
patch is projected to the second or the third channel depend-
ing on whether 𝑀patch < 𝜏2 holds. From the right column in
Figure 4, we can observe that the three patches with different
motion patterns are projected to different multiscale energy

maps, where the different patches can be easily distinguished
by the different scale levels.

Similar to the motion speed, motion direction is another
important factor to recognize different motion patterns in
a video sequence [2]. In this study, we propose multiscale
direction maps to capture the motion direction distribution
of the extracted patches. For each patch, the direction
of the principal spatiotemporal energy exists in the eight
space–time orientations given in Table 1 (from 𝑛1∼𝑛8; 𝑛0 in
Table 1 is the static energy). Similar to the multiscale
energy maps, we use multiscale direction maps composed of
eight channels to represent the direction distribution of the
extracted patch. In particular, for each pixel in the patch, if the
space–time direction of the principal spatiotemporal energy
is 𝑛1, we project it to the first channel, setting the current pixel
of the first channel to 1 and the other channels to 0. From
Figure 5, we can observe that the two patches with different
motion directions can be distinguished by the eight-channel
direction maps.

By stacking the multiscale energy maps and the direction
maps for the extracted patches, we obtain an integrated map
with 11 channels, each with the same size as the extracted
patch. We construct a CDBN to derive the mid-level motion
map representation. Similar to the energy CDBN explained
in Section 3.1 and the visual CDBN presented in Section 3.2,
these motion map CDBNs have two detection layers as well.
The first detection layer contains 40 filters, each of size 5 ×5 × 11. The second layer contains 60 filters, each with size
of 3 × 3 × 11. The other settings of the motion map CDBN
are the same as those of the energy CDBN and visual CDBN.
Particularly, the input units of these motion map CDBNs are
binary-valued visible units, while the input units of the energy
CDBN and visual CDBN are real-valued visible units.

3.5. Multimodal Deep Representations of Three Mid-Level
Features. Our multimodal deep representation framework
includes two steps: (1) training the visual CDBN, energy
CDBN, and motion map CDBN to obtain three mid-level
feature representations of the training crowd videos; (2)
training the multimodal restricted Boltzmann machines to
learn the correlations between the three mid-level features
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(a) Crowd frame

S map M map L map

(b) Principal spatiotemporal energy of red patch

S map M map L map

(c) Principal spatiotemporal energy of blue patch

S map M map L map

(d) Principal spatiotemporal energy of green patch

Figure 4: Illustration of multiscale energy maps.

(a) Crowd frame (b) Two patches (c) Direction maps of the two patches

n1 n2 n3 n4 n5 n6 n7 n8

n1 n2 n3 n4 n5 n6 n7 n8

Figure 5: Illustration of multiscale direction maps.
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Figure 6: Multimodal deep representations framework.

and form multimodal deep feature representations. Figure 6
illustrates our multimodal deep representation framework.

To train the mid-level feature representations, we adopt a
greedy, layer-by-layer unsupervised learning algorithm that
can learn CDBN’s one layer at a time [22]. Here we describe
the training process of the energy CDBN; the training of
the visual CDBN and the motion map CDBN is the same.
The input visible units kEng in the energy CDBN are the
spatiotemporal energy patches extracted in Section 3.2; once
the first layer of the energy CDBN is trained, the parameters
W1Eng, b1Eng, and b0Eng are frozen and the hidden unit values
h1Eng of the first hidden layer are inferred.The inferred values
h1Eng serve as the input data used to train the second hidden
layer in the energy CDBN and then the hidden unit values
h2Eng can be inferred. Similarly, the values of h2Vis and h2Map

can be inferred.
To train amultimodal deep representation, we construct a

multimodal restricted Boltzmannmachine over the three sets
of pretraining mid-level feature representations h2Eng, h2Vis,
and h2Map. The proposed multimodal restricted Boltzmann
machine is an undirected graphical model with stochastic
binary units. It contains three sets of visible units h2Eng ∈{0, 1}𝐹2Eng , h2Vis ∈ {0, 1}𝐹2Vis , and h2Map ∈ {0, 1}𝐹2Map and
stochastic hidden units h3 ∈ {0, 1}𝐹3 . The energy of the joint
configuration {h2Eng, h2Vis, h2Map, h3} is defined as

𝐸 (h2Eng, h2Vis, h2Map, h3; 𝜃)
= 𝐹2Eng∑

𝑖=1

𝑏2Eng𝑖 ℎ2Eng𝑖 + 𝐹2Vis∑
𝑖=1

𝑏2Vis𝑖 ℎ2Vis𝑖 + 𝐹2Map∑
𝑖=1

𝑏2Map
𝑖 ℎ2Map

𝑖

+ 𝐹3∑
𝑗=1

𝑏3𝑗 ℎ3𝑗 + 𝐹2Eng∑
𝑖=1

𝐹3∑
𝑗=1

ℎ3𝑗𝑊3Eng
𝑗𝑖 ℎ2Eng𝑖

+ 𝐹2Vis∑
𝑖=1

𝐹3∑
𝑗=1

ℎ3𝑗𝑊3Vis
𝑗𝑖 ℎ2Vis𝑖 + 𝐹2Map∑

𝑖=1

𝐹3∑
𝑗=1

ℎ3𝑗𝑊3Map
𝑗𝑖 ℎ2Map

𝑖 ,
(12)

where 𝜃 = {b2Eng, b2Vis, b2Map, b3,W3Eng,W3Vis,W3Map} are
the model parameters (b3 is the bias term of the hidden layer
h3 and b2Eng is the bias term of the visible unit h2Eng) and𝑊3Eng

𝑗𝑖 represents the interaction term between hidden unit 𝑗
and the visible unit ℎ2Eng𝑖 . The conditional distributions over
the three sets of visible units and the hidden units are given
by

𝑝 (ℎ2Eng𝑘 = 1 | h3) = 𝜎(𝑏2Eng𝑘 + 𝐹3∑
𝑖=1

𝑊3Eng
𝑘𝑖 ℎ3𝑖 ) ,

𝑝 (ℎ2Vis𝑘 = 1 | h3) = 𝜎(𝑏2Vis𝑘 + 𝐹3∑
𝑖=1

𝑊3Vis
𝑘𝑖 ℎ3𝑖 ) ,

𝑝 (ℎ2Map
𝑘 = 1 | h3) = 𝜎(𝑏2Map

𝑘 + 𝐹3∑
𝑖=1

𝑊3Map
𝑘𝑖 ℎ3𝑖 ) ,

𝑝 (ℎ3𝑘 = 1 | h2Eng, h2Vis, h2Map) = 𝜎(𝑏3𝑘
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+ 𝐹2Eng∑
𝑖=1

𝑊3Eng
𝑘𝑖 ℎ2Eng𝑖 + 𝐹2Vis∑

𝑖=1

𝑊3Vis
𝑘𝑖 ℎ2Vis𝑖

+ 𝐹2Map∑
𝑖=1

𝑊3Map
𝑘𝑖 ℎ2Map

𝑖 ) ,
(13)

where 𝜎 is the sigmoid function. Then the derivative of the
log-likelihood with respect to themodel parameters takes the
form

𝜕 log𝑃 (h2Eng, h2Vis, h2Map; 𝜃)
𝜕W3Eng

= 𝐸𝑃data
[h2Eng (h3)𝑇] − 𝐸𝑃model

[h2Eng (h3)𝑇] ,
(14)

where 𝐸𝑃data
[⋅] denotes an expectation with respect to the

complete data distribution and 𝐸𝑃model
[⋅] denotes an expecta-

tion with respect to the distribution defined by the model.
We use mean-field inference to estimate the value of 𝐸𝑃data

[⋅]
and an MCMC based stochastic approximate procedure to
approximate the value of 𝐸𝑃model

[⋅] [35]. Similarly, the deriva-
tive of the log-likelihoodwith respect toW3Vis andW3Map can
be computed.

After learning the multimodal restricted Boltzmann
machines, the posterior probability density of the hidden
variables given the three sets of pretraining mid-level feature
representations can be viewed as the multimodal deep repre-
sentation of the training data. For any training crowd video
patch x, we denote its multimodal deep representation as x𝑚.

4. Anomaly Event Detection and Localization
with Deep Representations

The anomaly event detection problem in a crowd video is
formulated as a binary classification problem. We adopt a
one-class SVM model [36] to detect crowd anomaly events.
The one-class SVMattempts to learn a hypersphere in the fea-
ture space, which can separate most of the training data from
the original with a maximum margin, and then the small
fraction of training data lying outside the hypersphere are
considered as anomaly. Formally, given a set of training crowd
patches 𝑃 = {x𝑚𝑖 }𝑁𝑖=1, x𝑚𝑖 ∈ R𝑑, a one-class SVM problem can
be formulated as the following quadratic program:

minw,𝜉,𝜌
‖w‖22 − 𝜌 + 1𝜂𝑁

𝑁∑
𝑖=1

𝜉𝑖
subject to w𝑇𝜙 (x𝑚𝑖 ) ≥ 𝜌 − 𝜉𝑖,

𝜉𝑖 ≥ 0 ∀𝑖 = 1, . . . , 𝑁,
(15)

where w is the learned weight vector defining the hyper-
sphere, 𝜙(⋅) is a feature map transforming the feature vector
x𝑚𝑖 into an inner product space by the kernel function, 𝜉𝑖 is
the slack variable for the training patch 𝑖, 𝑁 is the size of the
training dataset, 𝜌 is the offset, and 𝜂 is the regularization

parameter, which is defined by the user to regulate the outlier
fraction lying outside the hypersphere.

In practice, the quadratic program is transformed into the
following dual problem:

min𝛼
12∑
𝑖,𝑗

𝛼𝑖𝛼𝑗𝑘 (x𝑚𝑖 , x𝑚𝑗 )
subject to 0 ≤ 𝛼𝑖 ≤ 1𝜂𝑁, ∑

𝑖

𝛼𝑖 = 1,
(16)

where 𝑘(⋅) is the kernel function and 𝛼 is the Lagrange
multiplier.

In our experiment, we use a radial basis function kernel,𝑘(x𝑚𝑖 , x𝑚𝑗 ) = 𝑒−‖x𝑚𝑖 −x𝑚𝑗 ‖2/2𝜎2 . Given the optimal 𝛼 by solving
(16), the optical weighting vector is given by w = ∑𝑖 𝛼𝑖𝜙(x𝑚𝑖 );
then the decision function 𝑓(x) = sgn(w𝑇𝜙(x𝑚) − 𝜌) is used
to determine whether the test crowd data is an anomaly.

5. Experiments

In this section, we systematically apply our proposed algo-
rithm on two public datasets to verify its effectiveness. Three
different measurements are applied to evaluate the anomaly
detection accuracy. Then qualitative and quantitative com-
parisons are performed with state-of-the-art algorithms.

5.1. Evaluation Criterion. In order to evaluate the per-
formance, three commonly used levels of measurements,
namely, frame-level, pixel-level, and patch-level, which were
introduced in [18, 20] and exploited in the majority of
previous studies, are applied. The measurements are defined
as follows.

(i) Frame-level: in this measurement, a frame is consid-
ered to be anomalous if at least one pixel in the frame is
detected as anomalous. These frame-level detection results
are compared to the frame-level ground truth of each frame;
then the detection results are adopted to determine the
number of true positive numbers and false positive numbers.
However, this frame-level measurement cannot ensure that
the detected anomalous pixel coincides with the actual
anomalous position. This is because some portion of false
pixel detection may cause a true positive frame.

(ii) Pixel-level: in this measurement, detection results
are compared to the pixel-level ground truth of each frame.
If 40% (or more) of anomalous ground truth pixels are
identified as true positives, then the frame is considered to
be an anomaly. On the other hand, a normal frame will be
identified as false positive if any normal pixel is predicated
as anomalous. Compared with the frame-level measurement,
the pixel-level measurement is much stricter and focuses
more on the correct localization of an anomaly event.

(iii) Patch-level: a high true positive rate (TPR) in pixel-
level measurements always accompanies a high false positive
rate (FPR).This is becausemore normal pixelsmay be consid-
ered as anomalous when more anomalous pixels are detected
as true positives.The patch-level framemeasurement focuses
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Figure 7: Examples of abnormal detection on UCSD Ped1 dataset: (a) the ground truth, (b) MDT [18], (c) MPPCA [19], (d) SCL [20], and
(e) the proposed method.

more on the truly detected anomaly patch, and the true
positive is defined as follows:

Detected anomaly ∩ True anomaly
Detected anomaly ∪ True anomaly

≥ 𝜆, (17)

where 𝜆 is a predefined threshold.
The receiver operating characteristic (ROC) curve is

employed to measure the detected accuracy based on the
frame-level and pixel-level measurements. The ROC curve
consists of TPR and FPR, which are defined as follows:

TPR = True positive
True positive + False negative

,
FPR = False positive

False positive + True negative
. (18)

Based on the ROC curve, the performance is summarized as
the following evaluation criteria:

(i) Area under curve (AUC): the area under the ROC
curve

(ii) Equal error rate (EER): the ratio of misclassified
frames at which FPR = 1 − TPR for the frame-level
measurements

(iii) Equal detected rate (EDR): the detection rate atwhich
EDR = 1 − EER for the pixel-level measurements.

5.2. UCSD Dataset. The UCSD (http://www.svcl.ucsd.edu/
projects/anomaly/dataset.htm) dataset is recorded with a
static camera mounted at an elevation, overlooking pedes-
trian walkways on the UCSD campus. The crowd density
in this dataset varies from sparse to very crowded. The
dataset is organized into two subsets called Ped1 and Ped2.
An anomaly event is indicated by the emergence of a car,
skateboarder, wheelchair, or bicycle moving with the normal
walking patterns of pedestrians. Ped1 contains 34 and 36
image sequences for training and testing, respectively, at a
spatial resolution of 158 × 238. Ped2 has 16 training videos
and 12 test videos with a resolution of 360 × 240. All

training video frames in the dataset are normal, that is,
containing only normal pedestrian walking patterns, and the
test videos in Ped1 and Ped2 both contain image sequences
with approximately 5500 normal frames and 3400 abnormal
frames.

In the first series of experiments, we evaluate the perfor-
mance of the proposed method using the UCSD dataset. For
the mid-level energy feature learning, patches are extracted
using a sliding window approach at 20 × 20 pixels. We train
the energy CDBN with two hidden layers from the energy
patches. The first hidden layer consists of 40 groups of filters,
while the second hidden layer consists of 60. We use a
fixed learning rate 𝜆 = 0.05 and a batch size 𝑁𝑏 = 256. The
pooling ratio 𝐶 for each layer is set as 2, the target sparsity
of the first hidden layer as 0.03, and the target sparsity of
the second hidden layer as 0.02. For training of the visual
CDBN and the motion map CDBN, the parameters are the
same as those of the energy CDBN. For the semantic fusion of
the multimodal representation, the mid-level visual features,
mid-level energy features, andmid-levelmotionmap features
are the inputs of the multimodal RBM, which contains 120
hidden units. For one-class SVMs, the parameter 𝜂 is tuned
with the cross validation.

We compare our anomaly event detection framework
with state-of-the-art approaches:mixture of dynamic textures
(MDT) [18], social force model (SF) [27], mixture of optical
flowmodels (MPPCA) [19], Adam et al.’s method [26], sparse
reconstruction cost (SRC) method [37], sparse combination
learning (SCL) method [20], and the appearance and motion
DeepNet (AMDN) method [14]. Some testing results are
shown in Figure 7, where the first column contains the
ground truth, the second column contains the MDT [18]
model results, and the third and fourth columns contain the
results of MPPCA [19] and SCL [20] methods, respectively.
The last column provides the results of the proposedmethod.
For the MDT algorithm, its results contain a large quantity of
background pixels, and the algorithm misses the two people
walking across the grass (row III, column (b)). For MPPCA,
it completely misses the biker and the people on the grass

http://www.svcl.ucsd.edu/projects/anomaly/dataset.htm
http://www.svcl.ucsd.edu/projects/anomaly/dataset.htm
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Figure 8: Results of UCSD Ped1 dataset: (a) frame-level ROC and (b) pixel-level ROC.

Table 2: Comparison of frame-level results on UCSD Ped1 dataset
in terms of EER and AUC.

Algorithm EER AUC
SF [27] 31% 67.5%
MPPCA [19] 40% 76.96%
MDT [18] 25% 81.8%
Adam et al. [26] 38% 77.05%
SRC [37] 19% 86%
AMDN [14] 16% 92.1%
Proposed 11.2% 92.6%
(row III, column (c)). As for SCL, it misses the biker (row
II, column (d)) and the runner (row III, column (d)). By
contrast, the proposed method obtains satisfactory results
and the overall performance is better than those of the others.

Figure 8 shows the frame-level and pixel-level detection
results on Ped1 comparing our method with the state-of-the-
art methods. Figure 8(a) shows the frame-level performance
and Figure 8(b) shows the pixel-level performance. It can be
observed that the ROC curve for our approach lies above the
other six curves, which indicates that our approach is not
only comparable to othermethods, but also superior to them.
Based on the ROC curves, Tables 2 and 3 show the quan-
titative comparisons in terms of AUC, EER, and EDR of
ourmethod against several state-of-the-art approaches. From
these values, it is evident that our method outperforms the
majority of previous methods for both frame-level and pixel-
level measurements.

5.3. AvenueDataset. Theavenue dataset (http://www.cse.cuhk
.edu.hk/leojia/projects/detectabnormal/dataset.html) contains
16 training and 21 testing video clips. The videos are captured
in CUHK campus avenue with 30,652 (15,328 training and

Table 3: Comparison of pixel-level results on UCSD Ped1 dataset in
terms of EDR and AUC.

Algorithm EDR AUC
SF [27] 21% 19.7%
MPPCA [19] 18% 20.5%
MDT [18] 45% 44.1%
Adam et al. [26] 24% 46.1%
SRC [37] 46% 48.7%
AMDN [14] 59.9% 67.2%
Proposed 61.3% 69.71%
15,324 testing) frames in total [20]. The main challenges of
this dataset are due to slight camera shaking, a few outliers
in the training data, and the absence of some normal motion
patterns in the training data.The image resolution is 360×640
pixels.

Figure 9 illustrates some anomaly event detection results
on the avenue dataset. In this figure, the first row is the ground
truth, the second row the SCL algorithm [20] result, and
the third row the proposed algorithm result. From Figure 9,
we can observe that SCL misses the running boy (column
(a)) andmarks the normal pattern as abnormal (column (d));
however, the proposed algorithm detects the anomaly events
correctly. Table 4 also presents the patch-level measurements
by using different overlapping thresholds𝜆 in (14). Compared
with the SCLmethod, ourmethod improves the average accu-
racy by 2.65%, which proves the effectiveness of multimodal
deep representation.

6. Conclusions

This study presents a novel anomaly event detection method
based on amultimodal deep learning framework. Specifically,
effective video features based on spatiotemporal energy

http://www.cse.cuhk.edu.hk/leojia/projects/detectabnormal/dataset.html
http://www.cse.cuhk.edu.hk/leojia/projects/detectabnormal/dataset.html
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Figure 9: Examples of anomaly event detection on avenue dataset: (I) ground truth, (II) SCL method, and (III) the proposed algorithm.

Table 4: Comparison of patch-level results on avenue dataset.

𝜆 SCL Proposed0.2 72.3% 76.8%0.3 71.1% 74.9%0.4 68.8% 71.8%0.5 65.8% 67.9%0.6 64.1% 65.3%0.7 62.9% 63.6%0.8 61.9% 62.8%

measurements are automatically extracted to represent the
low-level visual features, energy features, and motion map
features. In order to learn the normal event patterns, three
CDBNs are utilized to learn mid-level representations of
normal event patterns. Then a multimodal RBM is trained to
learn deep representations fused on the learnedmid-level fea-
tures. The extensive experiments on two challenging datasets
demonstrate the effectiveness of the proposed method com-
pared with state-of-the-art algorithms and prove the advan-
tages of deep representation. In future studies, more efforts
will be made to build other deep network architectures and
construct alternativemultimodal fusion schemes for anomaly
detection in complex video scenes.
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We propose a modified dynamic time warping (DTW) algorithm that compares gesture-position sequences based on the direction
of the gestural movement. StandardDTWdoes not specifically consider the two-dimensional characteristic of the user’s movement.
Therefore, in gesture recognition, the sequence comparison by standard DTW needs to be improved. The proposed gesture-
recognition system compares the sequences of the input gesture’s position with gesture positions saved in the database and selects
the most similar gesture by filtering out unrelated gestures. The suggested algorithm uses the cosine similarity of the movement
direction at each moment to calculate the difference and reflects the characteristics of the gesture movement by using the ratio of
the Euclidean distance and the proportional distance to the calculated difference. Selective spline interpolation assists in solving
the issue of recognition-decline at instances of gestures. Through experiments with public databases (MSRC-12 and G3D), the
suggested algorithm revealed an improved performance on both databases compared to other methods.

1. Introduction

In human-computer interaction (HCI), replacing the mouse
and keyboard with the users’ voice and movement as input
mechanisms is a popular topic in present-day research. This
has been a result of the substantial improvement in hardware
performance and new sensor technology. An analysis of the
movement obtained from the sensor in order to determine
the user intention is an important process of these types of
HCI. HCI gesture-recognition technology mostly consists of
pattern-recognition technology. The recognition is mainly
divided into two processes: the first process involves the
extraction of the characteristics of a pattern, and the second
process involves the categorization of the extracted features.
A computer’s acquisition of a user’s characteristics typically
occurs through a sensor or the processing of acquired data.
The acquired characteristics from a gesture are sequential
data, and pattern-recognition technologies are required to
categorize them.

Methods such as dynamic time warping (DTW) and
hidden Markov model (HMM) are used to analyze the

sequential data. Research studies seek to improve these
methods [1]. The DTW algorithm was developed to match
sequence data that are of different lengths. The algorithm
creates a cost table for each of the components of two
sequence datasets, and it compares the two sequence datasets
using dynamic programming that rotationally selects and
saves the minimum cost. HMM is a probabilistic model that
uses the transition probability of sequence data [2]. Neural
network (NN) is a computer system modeled on the human
brain and nervous system. Recently, deep learning methods
(convolutional neural network, recurrent neural network)
have provided reasonable results in computer vision research,
while research is still on to improve their applicability in
gesture recognition [3, 4]. The major challenge encountered
in using deep learning during gesture recognition is the
effective presentation of the gesture movements.

The use of deep learning-basedmethods requires remark-
ably large database for effectively training the inputs to obtain
adequate results during the testing phase. Consequently and
because all the processing is achieved within the hidden lay-
ers, it is challenging for the researcher to analyze the training
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process.Therefore, the flexibility of DTW, its requirement of a
small-sized database during the training phase, and its being
viewable under this process make it a convenient tool for
matching process and hence a flexible method for analyzing
the extracted features.

The matching based on DTW algorithm involves lesser
database-learning pressure andprovides steadier results com-
pared with a probability-based algorithm. Owing to these
strengths, DTW could be applied to various areas that use
sequence data such as gesture [5], voice [6], hand-written let-
ters [7], and signatures [8]; moreover, favorable results can be
achievedwithout the need for a large amount of learning data.
DTW [1], edit distance with real penalty (ERP) [9], and edit
distance on real sequence (EDR) [10] consider each datum
rather than the shape of the sequence trajectory. Angular
metric for shape similarity (AMSS) [11] and longest common
subsequence (LCSS) [12] are less influenced by outliers;
however, AMSS requires preprocessing and is more sensitive
to short vibrations.With respect tomethods that consider the
sequence shape, DerivativeDTW(DDTW) [13] compares the
shape by using differential sequences. As DDTW considers
only the shape, its performance exhibits significant deviation
according to the characteristics of the database.

This study introduces a modified DTW algorithm that is
based on direction similarity (DS), to calculate the similarity
while considering both the movement and shape of ges-
tures.The suggested gesture-recognition systemconsiders the
hand-position data acquired from the camera as the sequence
data, and if the length of the sequence is insufficient, it inter-
polates the length. After the normalization of both the posi-
tion and size of the acquired sequence, gesture recognition
is achieved through the use of the DTW algorithm, which
reflects the direction characteristics to detect fast gestures.

2. DTW and Classification of Gestures

2.1. Classic DTW. The DTW algorithm can be defined as a
pattern-matching algorithm that permits nonlinear construc-
tion according to a time scale. To calculate the similarity of
the lengths 𝑛 and𝑚 of the two sequences 𝐴 = {𝑎1, 𝑎2, . . . , 𝑎𝑛}
and 𝐵 = {𝑏1, 𝑏2, . . . , 𝑏𝑛}, respectively, a nonlinear adjustment
course𝑊 is set, and theminimalized pathway of𝑊’s distance
is determined.𝑊 is defined as follows:

𝑊 = {𝑤1, 𝑤2, 𝑤3, . . . , 𝑤𝑘} , (1)

and function 𝑑 that calculates the distance of 𝑤 is defined as
follows:

𝑑 (𝑤) = 𝑑 (𝑖, 𝑗) = 𝑎𝑖 − 𝑏𝑗
 . (2)

The minimum of the total distance of the adjustment
course is calculated as follows:

DTW (𝐴, 𝐵) = min
𝐾

∑
𝑘=1

𝑑 (𝑤𝑘) . (3)

Numerous calculations are required for (3) as all the
feasible pathways must be calculated; meanwhile, dynamic
programming could also be used to solve the equation.When

DTW is applied to the recognition system, the accuracy and
efficiency of the calculation increased with the following four
limits: an endpoint limitation that quadrates the start and end
points of the input pattern and reference pattern; a mono-
tone-increasing limitation that requires the increase of the
monotone for the optimized pathway; a global-path con-
straint that limits the permitted areas of the input pattern and
reference pattern; and a local constraint that limits the path-
way to a node to prevent overcontraction or overexpansion
[14].

The application of the four constraints of DTW is
depicted in Figure 1. The calculation of the optimum path𝐷,
in consideration of the local path limitation, is as follows:

𝐷(𝑖, 𝑗)

= 𝑑 (𝑖, 𝑗)

+min [𝐷 (𝑖 − 1, 𝑗 − 1) , 𝐷 (𝑖 − 1, 𝑗) , 𝐷 (𝑖, 𝑗 − 1)] .

(4)

The main calculation cost is incurred during the calcula-
tion process of the optimum adjustment of (3), and although
a few limitations and dynamic programming could alleviate
such issues, the limitation cannot accurately determine the
results in the event that an optimal result exists outside of the
selected data.

2.2. Improvement of DTW. DTW is used in various areas
including movement recognition [14], voice recognition [15],
and data mining [1]. The previous research studies on
DTW focused on the improvement of speed to solve the
increasing complexity, followed by the increment of the
sequence length. Sakoe and Chiba used several conditions
to solve the problems of DTW [16], while Stan and Phillip
achieved an improved speed through an approximation
process [17]; Keogh and Ratanamahatana improved the speed
by using the lowest-bound technology [18]. Figure 2 shows
the Sakoe–Chiba and Itakura bands that are widely used to
constrain the search area; limiting the search area tremen-
dously aids the improvement of the speed; however, if the
optimal matching pathway is outside of the search area, a
favorable result is unlikely.

In addition to the purpose of speed improvement, a few
researchers focused on improving thematching accuracy and
recognition. Keogh and Pazzani recommended a Derivative
DTW algorithm that uses the primary differential value [13],
whereby the algorithm compares the shape of the sequence
albeit not that of the sequence value, as shown in Figure 3.

2.3. Gesture Recognition by Using Classification Method. By
comparing the operation sequence using DTW, only a simple
distance can be obtained; this distance implies similarity.
With a variety of target gestures, 𝑘-nearest neighbors (𝑘-
NN) is one of the common classification methods used with
matching-based recognition algorithms. 𝑘-NN using one
representative of each class is the 1-NNmethod, and 1-NN is a
commonly used classification method to reduce the problem
of computational complexity. In addition to the method of
measuring the similarity, there is a method of classifying
the operation sequence through SVM; however, it does not
exhibit high performance.
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Figure 2: Sakoe–Chiba band (a) and Itakura band (b).

3. Modified DTW Based on DS

The DTW algorithm only compares the sequence value,
and, as a result, it cannot consider a variety of gestural
characteristics. The position and direction of a gesture are
important factors for the expression of a gesture [19]. To
compare two sequences while considering both the position
and direction, we introduced a DTWwith an added distance
that is in proportion to the DS; Figure 4 shows the process
flow of the proposed method. The recognition system that
uses the proposed method involves the use of a depth camera
(Kinect of MS was used in our experiment) to receive the
position of the user’s joint and also to determine the position;
then, we interpolate the depth data based on sequence length.
1-NN matches the previously defined gestures that are in the
database and selects the most identical gesture; furthermore,
it uses the threshold value to filter out insignificant gestures.

3.1. Input Normalization. The sequences used in this section
as examples demonstrate that the result of the normalization
is a specially designed numeric action that is a convenient tool
to analyze the performance of normalization.

Figure 4 shows the overall system flow. The data of hand
positions acquired from the Kinect device is likely to exhibit
a substantial difference regarding the distance of the hand
position from the sensor. Hand-position data are normalized
based on the overall size and the position of a gesture. First,
the length of a longer axis is determined by measuring the
horizontal and vertical lengths of the overall gesture, and the
points are shifted based on the average of all of the values.
Figure 5 shows the results of gesture normalization, where (a)
shows the two gesture sequences before normalization and
(b) shows the two sequences after normalization. It is evident
from these figures that a similar size and position are attained
through normalization.
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(a) (b)

Figure 3: DTW sequence matching (a) and Derivative DTW sequence matching (b).
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Figure 4: Gesture-recognition system using modified dynamic time warping based on direction similarity.
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Figure 5: Before normalization (a) and after normalization (b).

3.2. Input Interpolation. An input sequence requires an
interpolation process before the comparison of the gestures
in the database can occur. The DTW algorithm allows for
difference of sequence length; however, repeated matching
pathways are introduced when it occurs. Furthermore, sim-
ilar challenges are higher for repeated matching pathway
with noise; therefore, sequence interpolation could be used
to solve this problem.We used a spline interpolation method
that provides an approximate value for the abruptly changing
function. Figure 6 shows the sequence-interpolation result of
a straightforward number gesture.

Spline interpolation was used in the experiment when the
input sequence length was below the threshold value selected
through experiments.

3.3. Modified DTW Based on DS. Previous DTW methods
used the distance between elements to determine the optimal
matching pathway between two sequences; however, this
often results in matching pathways that do not reflect the
gestural characteristics and also results in negative recogni-
tion result. Figure 7(a) shows the pathways of “3” and “3,”
and Figure 7(b) shows the pathways of “3” and “7”; when
only the position data are used to compare the two, the right

side exhibits a higher similarity. Even with the normalization,
an inaccurate recognition result that is based on the person
performing the gesture can appear; therefore, we propose a
DTW algorithm that considers gestural-movement direction
to supplement this problem.

A modified DTW based on DS calculates the directional
distance, which is based on the cosine similarity between
two elements; then, this method calculates shape matching
pathways by using the linear combination of the directional
distance and Euclidean distance.The following new equation
is used to calculate the distance between the two elements:

𝑑 (𝑤) = (1 − 𝛼) 𝑑 (𝑖, 𝑗) + 𝛼𝑠 (𝑖, 𝑗) 𝑑 (𝑖, 𝑗) , (5)

where function 𝑑 calculates the Euclidean distance of the
two sequence elements. Function 𝑆 calculates the DS of the
two elements and is defined as follows:

𝑠 (𝑖, 𝑗) = 1 −
(𝑎𝑗 × 𝑏


𝑗)

𝑎𝑖

𝑏𝑖
 + 𝜀
, (6)

which returns zero if the direction of the two vectors match
and returns two if the directions are opposite to each other. 𝜀
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Figure 6: Before interpolation (a) and after interpolation (b).
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Figure 7: Examples of misrecognition.

is a constant to prevent the denominator frombecoming zero,
and𝛼 is a constant coefficient that adjusts the size of the direc-
tional distance and Euclidean distance.The optimal value of𝛼
is changed based on the database characteristics; in this study,
we select the value with the highest recognition by adjusting
the constant fromone to zero at the learning step. 𝑎 and 𝑏 are
directional vectors that were calculated from the differences
among the elements, and the calculation is as follows:

𝑎𝑛 =
(𝑎𝑛 − 𝑎𝑛−1) + ((𝑎𝑛+1 − 𝑎𝑛−1) /2)

2
,

𝑏𝑛 =
(𝑏𝑛 − 𝑏𝑛−1) + ((𝑏𝑛+1 − 𝑏𝑛−1) /2)

2
.

(7)

Considering the near elements (𝑎−𝑎𝑛−1, 𝑏−𝑏𝑛−1) as well as
the neighbor elements (𝑎𝑛+1−𝑎𝑛−1, 𝑏𝑛+1−𝑏𝑛−1), we can alleviate
the noise and outliers.

4. Experiment

4.1. Gesture Set. Experiments were conducted on two public
benchmark datasets (MSRC-12Kinect GestureDataset, G3D)
[20, 21]; the gestures in both databases can be applied as
interfaces of various fields. MSRC-12 is a relatively large
dataset for gesture/action recognition from 3D skeleton data
captured by a Kinect sensor. The dataset has 594 sequences,
containing 12 gestures by 30 subjects, 6244 gesture instances
in total. The 12 gestures (as shown in Figure 8) are as follows:

“lift outstretched arms,” “duck,” “push right,” “goggles,”
“wind it up,” “shoot,” “bow,” “throw,” “had enough,” “beat
both,” “change weapon,” and “kick.” For this dataset, cross
subject protocol is adopted, that is, odd subjects for training
and even subjects for testing.

The G3D database contains 20 gaming gestures (punch
right, punch left, kick right, kick left, defend, golf swing,
tennis swing forehand, tennis swing, backhand tennis serve,
throw bowling-ball, aim and fire gun, walk, run, jump, climb,
crouch, steer a car, wave, flap, and clap). Moreover, these
gestures were captured through a Kinect sensor in an indoor
environment as shown in Figure 9.

4.2. Interpolation Performance of Gesture Sequence. The
DTWalgorithmpermits differences of sequence length; how-
ever, the recognition of fast-moving gestures is likely to cause
problems. When the lengths of the compared sequences are
different, repeated matching could occur; similar repetitive
matching increases the incidence of error. To resolve this
challenge, we used a spline sequence interpolation and tested
its performance alongside other methods including linear-
interpolation and low-pass interpolation methods. As the
interpolation of all gesture sequences involves high compu-
tational expense, we interpolated only those sequences with
lengths that are below average to the normal to compare
the differences. We selected the sequence with the lowest
distance among the similar gestures in the learning data and
the measured recall factor using the 1-NN method. Figure 10
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Figure 8: Example of MSRC-12.
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Figure 9: Examples of G3D.

shows the mean recall value that was measured for both the
datasets for various interpolation methods.

All the interpolation methods improved the recognition
rate. The spline and low-pass interpolation methods exhibit
similar results, and their performances are superior to that
of the linear-interpolation method. We eventually selected
the spline method with the most favorable performance
result. We did not interpolate all the sequences that were
subsequently used in the experiments and used only the
spline interpolation method on those sequences with a
below-average length.

4.3. Determination of Parameter𝛼. ThemodifiedDTWbased
on DS uses the directional distance and Euclidean distance,
and the ratio is adjusted through 𝛼. The optimal value of 𝛼
could differ depending on the characteristics of the gesture
set. To determine an optimal 𝛼 value, we changed 𝛼 from
“0” to “1” at intervals of “0.1” during the learning stage and
measured the recognition rate using the 1-NN method. We
selected the representative sequence prior to measuring the
recognition rate. Furthermore, we selected the sequence that
exhibited the lowest average distance by calculating the DTW
distances of all the sequences for similar gestures and used all
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Figure 11: Recognition rate of varying 𝛼 using 1-NN method (G3D).

the sequences excluding the representative sequence as inputs
to measure the recognition rate; thereby, parameter 𝛼 was
changed with the use of a modified DTW-based DS. Figures
11 and 12 show the recognition rates of various values of𝛼.The
G3D gestures were set to 𝛼 = 0.6, while theMSRC-12 gestures
were set to 𝛼 = 0.8.

4.4. Comparison and Analysis of DTW Performance Based
on DS. To analyze the DTW performance based on DS
(DTWDS) in our study, we used the 1-NN and conventional
gesture-recognition methods. To verify the differences from
the otherDTWalgorithms,we comparedDTWandmodified
DTW. In comparison with the general methods, we used
discrete HMM, SVM (for MSRC-12 datasets only) [22], and
two CNN methods (SOS, JTM) [23, 24]. The 1-NN method
was used to find the most similar movement in the gesture-
recognition system, and the threshold-value setting of the
gesture-recognition systemwas used to filter out insignificant
gestures. We used the 1-NN method to measure the recall
ratio by comparing the input gestures that were not used
in the learning and the representative gestures of each
movement to select the gesture with the lowest distance. In
the event of a similarity, we recorded it as “true”; otherwise,
we recorded it as “false.” Moreover, all the sequences in the
database were used as inputs. Then, every single neighbor
of each class in 1-NN was adjusted when the input was
changed.

Figures 13 and 14 show the experimental result with
MSRC-12 datasets and G3D, respectively.

For the HMM results, the empirical numbers of states are
used for each database. It is challenging for HMMwith static
number of states to model continuous sequenced gestures
compared to other methods. SVM performed better than
standard DTW,DDTW, andHMM; however, CNNwasmore
effective for MSRC-12 datasets.

The proposed method (DTW with DS) also exhibits
favorable performances in both the gesture sets. Neither the
position nor the shape of the gesture was selected by the
modified DTW based on DS, ensuring a more favorable
performance than that of DTW and DDTW. The proposed
method outperformed the other methods for MSRC-12
datasets, with an average value of 3.89%; however, for the
G3D datasets, the proposed method exhibited no significant
difference with the two CNN methods. The modified DTW
based onDS adjusts the portion of the Euclidean distance and
expands the difference between the true and false gestures;
therefore, it exhibits a higher degree of accuracy compared
to the other methods. Moreover, we applied normalization
and interpolation methods for the matching process in the
modified DTW based on DS (proposed method).

5. Conclusion

DTWis a pattern-matching algorithm that is used in different
areas and has a number of advantages including a simple
calculation process and a lower learning pressure when
compared to HMM and deep learning-based methods. This
study alleviated the matching errors that result from the
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Figure 14: Experimental result with G3D datasets.

differences of sequence length through the use of spline
interpolation when such differences arose. The proposed
modified DTW considers position and shape of gestures,
which are important characteristics in gesture expression,
and incorporates the ratio of the directional distance and the
Euclidean distance. The value of 𝛼 was obtained empirically
throughout the experiment to determine the optimal ratio of

the directional distance and Euclidean distance based on the
targeted gesture. Even when the gesture set was changed, we
verified its gesture-recognition performance by adjusting the
value at the learning stage. In comparison with the method
that only considers one characteristic or a linear summation
of two characteristics, the results revealed that the proposed
method achieved remarkable performance.
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Histogram of oriented gradients (HOG) is a feature descriptor typically used for object detection. For object tracking, this feature
has certain drawbacks when the target object is influenced by a change in motion or size. In this paper, the use of convolutional
shallow features is proposed to improve the performance of HOG feature-based object tracking. Because the proposed method
works based on a correlation filter, the response maps for each feature are summed in order to obtain the final response map.
The location of the target object is then predicted based on the maximum value of the optimized final response map. Further, a
model update is used to overcome the change in appearance of the target object during tracking. A performance evaluation of the
proposed method is obtained by using Visual Object Tracking 2015 (VOT2015) benchmark dataset and its protocols. The results
are then provided based on their accuracy-robustness (AR) rank. Furthermore, through a comparison with several state-of-the-
art tracking algorithms, the proposed method was shown to achieve the highest rank in terms of accuracy and a third rank for
robustness. In addition, the proposed method significantly improves the robustness of HOG-based features.

1. Introduction

In the field of computer vision research, the basic problem
of visual tracking has been studied. Given an initial state, the
task of visual tracking is estimating the trajectory of the target
object in an image sequence.We can implement visual/object
tracking, in several types of applications including surveil-
lance systems [1], human-computer interaction (HCI) sys-
tems, unmanned aerial vehicle (UAV) systems, robotics, and
three-dimensional (3D) reconstruction [2]. Further, it is dif-
ficult to implement a visual tracking algorithm that has excel-
lent performance in terms of both accuracy and robustness.
Several problems such as changes in illumination, motion,
and size, as well as occlusions and camera motion, may
cause tracking failures. For this reason, visual tracking has
become a significant research topic in the area of computer
vision.

Over the past several years, visual tracking based on
online learning has made excellent progress. The key idea
with this type of tracking is how to exploit the boosting
classifier. Because the framework uses a boosting classifier,

it can be categorized as a discriminative approach, and thus
the computation time should be fast and feature extraction
that can be computed rapidly is required. For example, the
Adaboost classifier is implemented in an object tracking
algorithm in [3]. In their research, the authors used Haar-
like features. Further, a boosting classifier has also been used
in the learning of multiple instances for object tracking [4].
The authors also use Haar-like features to represent the target
object.The development of face tracking system based on this
work was proposed by [5]. Recently, Wang et al. [6] proposed
multiple instance learning based on the use of a patch, where
an object is divided into many blocks. Unfortunately, exten-
sive experiments using a benchmark dataset have not been
performed on their research. Furthermore, a discriminative
approach using a boosting classifier has a limitation related
to the region used for searching the target object.

Based on this limitation, generative approach has been
proposed. In [7], the authors proposed the use of fuzzy
coding histogram features with a point representation for
handling tracking failures. By adopting compressive sensing,
new features representing the target object may be obtained.
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Such features are called sparse coefficient vectors, which are
usually combined with a particle filter for motion estimation.
Several examples using a sparse coefficient vector combined
with particle filter can be found in [8–10]. Such features have
shown good results with regard to the problem of occlusions,
although several other issues and challenging problems exist
in visual tracking. Further, because these methods are based
on a particle filter, issues related to the computation time still
remain.

To address such issues through a generative approach,
a correlation filter has been proposed. This method works
based on a Fourier transform, and to improve the computa-
tion time, a fast Fourier transform (FFT) is used. Correlation-
filter-based visual tracking was initially proposed by Bolme et
al. [11]. They proposed a way to implement a correlation filter
during visual tracking and handle changes in appearance
adaptively. To do so, they used a simple linear classification to
solve the problem,which is a limitation of their work. Further,
a correlation filter that operates efficiently was proposed by
Henriques et al. [12]. The efficiency of this filter was achieved
through computations using a circulant matrix combined
with a kernel. To represent the target object, histogram of
oriented gradients (HOG) features were used. In [13], a
HOG feature-based correlation filter is also applied. In their
method, they focused on how to handle the problem of
a change in size during visual tracking. Other features for
correlation-filter-based visual tracking, such as adaptive color
features, were used in [14], and recently a fusion between
color histogram features and HOG features with distractor
handling was proposed in [15]. Unfortunately, these works
have a limitation in that they use only a one-dimensional (1D)
feature map.

From this reason, a multiscale feature-map-based cor-
relation filter was proposed in [16]. In their method, they
used color features for simplicity. Unfortunately, although
multiscale feature maps have been successfully implemented,
their performance still needs to be improved. In this research,
we propose how to improve a HOG-feature-based Visual
Object Tracking algorithm using convolutional shallow (CS)
features. Because we use both HOG and CS features, the
problem is how to integrate the two owing to their different
resolutions. Further, to handle the problem of a change
in size of the target object, an estimation of the scale is
computed after the location estimation of the target object
is achieved. After the scale estimation of the target object
is computed, several parameters of the proposed method
need to be updated to handle the changes in appearance
of the target object during tracking. Furthermore, exten-
sive experiments were conducted using the Visual Object
Tracking 2015 (VOT2015) benchmark dataset. In addition, we
also conducted a comparison among the proposed method,
the proposed method using only HOG features, and the
proposed method using only CS features. The purpose of
this comparison is to prove that the proposed method
has advantages for challenging problems in Visual Object
Tracking over the use of a single type of feature.

The rest of this paper is organized as follows. Sec-
tion 2 discusses the proposed method. Parameter updates
are described in Section 3. Further, Section 4 discusses

the experiment results. Finally, Section 5 provides some
concluding remarks.

2. Proposed Method

In this section, our proposed method is described. Deep
learning has been rapidly developing in recent years, partic-
ularly in the area of computer vision research. In addition,
one of the methods used in deep learning is the application
of a convolutional neural network (CNN). The architecture
of a CNN usually consists of several layers, including con-
volutional layers, normalization layers, and pooling layers.
Moreover, convolutional layers usually consist of several
layers: from a shallow layer to the deepest layer. Although the
deepest layer provides the best results for image classification,
in this research, we used a shallow layer because it provides
more favorable information than the deepest layer for object
tracking owing to the fact that the information from a shallow
layer of a pretrainedCNNonly requires a small number oper-
ations as compared to the deepest layer. Based on this fact, the
information from a shallow layer can still represent the input,
which will be more useful for the case of object tracking. For
detailed information regarding the architecture of the pre-
trained used in the present research, refer to [17]. Further, the
framework of the proposedmethod is represented in Figure 1.

Starting with frame (𝑡 + 1), the search area for the target
object is defined based on an expansion of the result from
frame (𝑡). From this area, feature extraction is conducted and
for this step, we use two features: HOG and CS features. For
this reason, we define 𝑥hog and 𝑥cs for smooth results of the
HOG and CS features extraction, respectively. In addition, a
cosine window is used for the smoothing process.

The next step is the interpolation process. The purposes
of the interpolation process are to estimate the output more
accurately and to achieve an integration of multiresolution
featuremaps. Further, the interpolationmodel can be defined
as follows.

𝑅𝑛 {𝑥𝑛} (𝑡1, 𝑡2)
= 𝐿𝑛−1∑
𝑙=0

𝑥𝑛 [𝑙] 𝑘𝑛 (𝑡1 − 𝑇1𝐿𝑛 𝑙) 𝑘𝑛 (𝑡2 −
𝑇2𝐿𝑛 𝑙) ,

(1)

where 𝐿𝑛 is the number of feature channels, 𝑇1 and 𝑇2 are
related to the size of the feature map, and 𝑡1 ∈ [0, 𝑇1), 𝑡2 ∈[0, 𝑇2), and 𝑘𝑛(⋅) represent interpolation functions. Because
two features are used, we also have two interpolation models,
where 𝑅𝑛hog is the interpolation model for 𝑥hog and 𝑅𝑛cs is the
interpolation model for 𝑥cs.

After the interpolationmodels are obtained, the next step
is obtaining a responsemap for each feature. Because the pro-
posed method is based on a correlation filter, each response
map can be obtained through a convolution between the
interpolation model and the correlation filter. This compu-
tation can be expressed as follows.

𝑂 = 𝐹−1( 𝑁∑
𝑛=1

𝑅𝑛 ⊙ ℎ𝑛∗) , (2)
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Figure 1: Framework of the proposed method.

where 𝐹−1, 𝑅, ℎ, ∗, and ⊙ are an inverse Fourier transform,
interpolation model in the Fourier domain, correlation filter
in the Fourier domain, complex conjugate value, and elemen-
twise multiplication, respectively. The variable 𝑂 = 𝑅 ⊗ ℎ,
and as can be seen in (2), for a fast computation, a Fourier
transform is used; thus, elementwise multiplication can also
be applied. For this reason, (1) can be transformed into the
Fourier domain as follows.

𝑅𝑛 {𝑥𝑛} [𝑡1, 𝑡2] = 𝐿𝑛−1∑
𝑙=0

𝑥𝑛 [𝑙] 𝑒−𝑗(2𝜋/𝐿𝑛)𝑙(𝑎1+𝑎2)𝑘𝑛 [𝑎1, 𝑎2] , (3)

where (𝑎1, 𝑎2) ∈ Z.
Remembering that we use two features, based on (2), we

have two types of correlation filters, where ℎcs is the corre-
lation filter from the CS features, and ℎhog is the correlation
filter from the HOG features. For this reason, two response
maps 𝑂cs and 𝑂hog can be obtained. The final response map
can then be calculated using

𝑂final = 𝑂cs + 𝑂hog, (4)

where𝑂cs is the response map from the CS features, and𝑂hog
is the response map from the HOG features. After 𝑂final is
obtained, we can estimate the location of the target object by
finding the maximum value of 𝑂final. As shown in Figure 2,
there are three types of response maps: a response map from
the proposed method using only CS features, a response map

from the proposed method using only HOG features, and
a response map from the proposed method. The response
map 𝑂hog is not sharper than the response map 𝑂cs. This
shape may provide an incorrect decision when we estimate
the location of the target object because the maximum value
of the response map has a small difference with the second-
maximum value. However, when we combine the response
map 𝑂hog with the response map 𝑂cs, the shape of 𝑂final is
sharper than 𝑂hog. This shape makes the location estimation
of the target object more robust than 𝑂hog.

Further, given the location estimation of the target object,
we can conduct a scale estimation of the target object because,
during tracking, the scale of the target object may change,
and in order to handle this problem, a scale estimation of the
target object is required. Therefore, we should estimate the
scale of the target object using (5) as follows.

𝑂cscales = 𝐹−1(∑𝐼𝑖=1 𝛽𝑖∗𝑡+1 ⊙ 𝑏𝑖𝑡+1𝛾𝑡+1 +𝑊1 ) , (5)

where 𝛽𝑡+1 is the numerator in the Fourier domain, 𝑏𝑡+1 is
the feature sample based on the scale factor in the Fourier
domain, 𝛾𝑡+1 is the denominator, and𝑊1 is the weight para-
meter controlling the regularization term in (5). The selected
scale can be obtained by calculating themaximumvalue from𝑂cscales.
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Figure 2: Response map representation: the proposed method using only CS features (a), the proposed method using only HOG features
(b), and the proposed method (c).

3. Parameters Update

During tracking, the target object usually changes its appear-
ance, which should be handled to make the tracking algo-
rithm more robust. Because the proposed method is based
on a correlation filter, the correlation filter needs to learn the
desired output to handle the changes in appearance of the
target object.This learning process can be achieved by solving
minimization problem as follows.

𝐵 {𝑥} = 𝑁∑
𝑛=1

ℎ𝑛 ⊗ 𝑅𝑛 {𝑥𝑛} ,
min
ℎ

𝑀∑
𝑚=1

𝑊𝑚2 𝐵 {𝑥𝑚} − 𝑦𝑚22 + 𝑁∑
𝑛=1

𝑊3 ⊗ ℎ𝑛22 ,
(6)

where𝑊2 is the weight parameter used to control the sample
pairs, 𝑀 is the number of sample pairs, 𝑦 is the desired
output, 𝑊3 is the weight parameter used to control the reg-
ularization term, and ⊗ is the convolution operator. Further,
because it is used to control sample pairs, parameter 𝑊2
should be updated for each frame. To update this parameter,
we can use the following equation:
𝑊2
= {{{{{

(𝑊2 (id0) = 1 − 𝜇) , (𝑊2 (id1) = 𝜇) , if 𝑡 < 3
𝑊2 (id1) = 𝑊2 (id0)(1 − 𝜇) , otherwise,

(7)

where 𝜇 is the learning rate, and id0 is the index id1 from the
previous frame.

For the scale estimation, two parameters, the denomina-
tor 𝛾𝑡+1 and the numerator 𝛽𝑡+1, need to be updated. Further,
the numerator 𝛽𝑡+1 can be obtained using (8) as follows:

𝛽𝑡+1 = 𝑊4𝛽0 +𝑊5 (𝑦 ⊙ 𝑏∗𝑡 ) , (8)

where𝑊4 is a weight parameter,𝑊5 = 1 − 𝑊4, and 𝛽0 is the
numerator from the initial frame. Furthermore, the denomi-
nator 𝛾𝑡+1 can be obtained using (9) as follows:

𝛾𝑡+1 = 𝑊4𝛾0 +𝑊5∑
𝑖

𝑏𝑡 ⊙ 𝑏∗𝑡 , (9)

where 𝛾0 is the denominator from the initial frame. In
addition, an equation conducted in the Fourier domain is
symbolized by using the upper-line.

4. Experimental Results

In this section, the experimental results are described to val-
idate the proposed method. Using the VOT2015 benchmark
dataset, the proposedmethodwas compared with 55 state-of-
the-art tracking algorithms.These 55 state-of-the-art tracking
algorithms are as follows: ACT [18], amt [19], AOGTracker
[19], ASMS [20], baseline [19], bdf [19], cmil [19], CMT [19],
CT [21], DAT [22], DFT [19], DSST [13], dtracker [19], fct [19],
fot [23], FragTrack [19], ggt [19], HMMTxD [19], HT [19],
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IVT [24], kcf mtsa [19], KCF2 [19], kcfdp [19], kcfv2 [19],
L1APG [9], LGT [25], loft lite [19], LT FLO [26], LPMT [15],
matflow [19], MCT [19], MEEM [27], MIL [4], mkcf plus
[19], muster [28], mvcft [19], ncc [29], OAB [19], OACF [19],
PKLTF [19], rajssc [19], RobStruck [19], s3Tracker [19], samf
[30], SCBT [31], sKCF [19], sme [19], SODLT [32], srat [19],
STC [33], struck [34], sumshift [35], TGPR [36], tric [19], and
zhang [19]. Further, to prove the advantages of the proposed
method, a comparison among the proposed method, the
proposed method using only CS features, and the proposed
method using only HOG features was also conducted.

The VOT2015 benchmark dataset consists of 60 videos
that have certain problems including camera motion,
changes in illumination,motion changes, occlusions, and size
changes, as well as videos under normal conditions (empty).
In addition, to evaluate the performance in terms of the
accuracy and robustness of the tracking algorithm, each video
uses its protocols based on the area under curve (AUC). For
more details regarding these protocols, refer to [37]. Further,
the parameters used by the proposed method, 𝑁, 𝑊1, 𝑊3,𝑊4, and 𝜇, have values of 1, 0.01, 0.001, 0.002, and 0.008,
respectively. Parameter 𝐼 is equal to 15, where each scale has a
difference of 0.02. Parameter𝑊2 is equal to zero at the initial
frame. Furthermore, we implemented the proposed method
by using MATLAB on a 3.3 GHz i5-4590 with 4GB of RAM.

The convolutional layer is one of many layers contained
in the convolutional neural network (CNN). According to
the references from [38, 39], the dot product computations
of the output of the neurons with the local regions in the
input (i.e., an image) are performed. The results from these
computations are represented in the volume. For example,
if we use the filter which has size 60 × 60 and the number
of the filters is three, then the results of these computations
in volume become 60 × 60 × 3. Further, these results are
categorized as the result in the first convolutional layer.
For the second convolutional layer, it can be obtained with
similar computation with the first convolutional layer. The
differences between the second convolutional layer and the
first convolutional layer are on the part of the input, the size of
the filter, and the number of the filters.The input of the second
convolutional layer can be as only the output of the first
convolutional layer or the output of the first convolutional
layer combined with the computations of the normalized
layer and the pooling layer. Further, the size of the filter in
the second convolutional layer is smaller than the size of the
filter in the first convolutional layer. If we use the result from
the first convolutional layer as the features, it can be called
convolutional shallow (CS) features. In this research, we used
CS features from pretrained CNN that has been proposed by
the authors in [17].

Several illustrations of the comparison results among
the proposed method, the proposed method using only CS
features, and the proposed method using only HOG features
are provided in Figure 3. In addition, as shown in Figure 4, for
the camera motion problem, the proposed method achieved
the highest rank in terms of accuracy and second rank in
terms of robustness, whereas the proposed method using
only HOG features achieved the highest rank in accuracy
but ranked 43rd in robustness. The proposed method using

only CS features achieves the same accuracy and robustness
ranks as the proposed method. Further, the accuracy and
robustness ranks of the DFT tracker are also the same as
those of the proposed method. This tracker uses an image
descriptor based on distributing fields, and the approach
maintains the pixel value information when the objective
function is smoothed. Top ranks for both accuracy and
robustness were achieved by the rajssc tracker, which is based
on a correlation filter and uses a block circulant-structure
combined with a Gaussian space response for representing
the target object.

For an empty label problem, that is, normal conditions,
the proposed method achieved the highest rank for both
accuracy and robustness. Meanwhile the proposed method
using only HOG features achieved the first rank in accu-
racy and 45th rank for robustness. The proposed method
using only CS features achieved the first rank in accuracy
and second rank in robustness. These results indicate that
combining CS and HOG features can make the tracking
algorithmmore robust than using CS or HOG features alone.
The struck and samf trackers achieved the same rank as the
proposed method, where the struck tracker is based on a
kernelized structured output support vector machine, and
the samf tracker is based on kernelized correlation filter that
efficiently utilizes a scale adaptive method.

Further, for changes in illumination, as shown in Figure 4,
both the proposed method and the proposed method using
only CS features rank first in both accuracy and robustness.
Meanwhile, the proposed method using only HOG features
ranks first in accuracy and ninth in robustness. These results
indicate that CS features are more useful than HOG features
for the problem of changes in illumination. Combining
CS and HOG features has no significant influence on this
particular problem. However, the OACF tracker, which is
based on a correlation filter combined with a red-green-blue
(RGB) histogram, and also uses an adaptive scaling method,
ranking first in accuracy and fourth in robustness, which are
the same ranks as the rajssc tracker.

For motion changes, the proposed method achieved the
highest rank for both accuracy and robustness.The proposed
method using only CS features also achieved the highest
rank in accuracy; however, for robustness, the method
achieved second rank. Further, the proposed method using
only HOG features also achieved the first rank in accuracy.
Unfortunately, this method achieved a robustness ranking
44th. Based on this, the proposed method shows a superior
performance than using only CS features or only HOG fea-
tures. Furthermore, combining HOG and CS features proves
that CS features may improve the robustness performance
significantly compared to using onlyHOG features.The rajssc
tracker has the same rank as the proposed method. For the
s3Tracker tracking algorithm, which is based on an RGB his-
togram to represent the target object and also uses an aspect
ratio selection. Moreover, an accuracy ranking second and a
robustness ranking third were achieved by the LPMT tracker,
which is based on a correlation filter with distractor handling.

The next problem addressed is occlusions, where the
target object is fully or partially occluded. For this problem,
the proposed method achieved the highest rank in terms of
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Figure 3: Comparison of the results from several sequences on the VOT2015 benchmark dataset. The blue rectangle represents the result
from the proposed method, the red rectangle represents the result from the proposed method using only CS features, the green rectangle
represents the result from the proposed method using only HOG features, and the yellow rectangle represents the ground-truth.

accuracy. Unfortunately, for the robustness, it only achieved
a 16th ranking, which is much lower than when using only
CS features, where the proposedmethod achieved the highest
rank in accuracy and a robustness second ranking. Based on
this evidence, the proposed method using only CS features
is more robust than both the proposed method and the pro-
posedmethod using onlyHOG features.This is becausewhen
the target is occluded and the correlation filter is updated,
the response from the CS features is more similar to the
target object than the others. For this reason, for the occlusion
problem, the CS features are more robust than both the
proposedmethod and the proposedmethod using onlyHOG
features. On the other hand, the proposedmethod using only
HOG features ranks first in terms of accuracy and 27th in

robustness. Top ranks in both accuracy and robustness were
achieved by the rajssc and sme trackers, the latter of which is
a tracking algorithm that operates based on a score function
for selecting the candidate from multiple experts.

The final problem defined in the VOT2015 benchmark
dataset is a change in size. For this problem, the proposed
method shows better results than the others, achieving the
highest rank in both accuracy and robustness.Meanwhile, the
proposedmethod using only CS features achieved the highest
rank in accuracy and a robustness 11th ranking. Further,
the proposed method using only HOG features achieved
the highest rank in accuracy and a robustness 50th ranking.
These results show that a combination of CS and HOG
features may increase the robustness significantly. Other



Mathematical Problems in Engineering 7

Ranking plot for label camera motion Ranking plot for empty label Ranking plot for label illumination change

Ranking plot for label motion change Ranking plot for label occlusion Ranking plot for label size change

50 45 40 35 30 25 20 15 10 555
Robustness rank

55
45
35
25
15

5

Ac
cu

ra
cy

 ra
nk

55
45
35
25
15

5

Ac
cu

ra
cy

 ra
nk

45 40 35 30 25 20 15 10 555 50
Robustness rank

50 45 40 35 30 25 20 15 10 555
Robustness rank

55
45
35
25
15

5

Ac
cu

ra
cy

 ra
nk

50 45 40 35 30 25 20 15 10 555
Robustness rank

55
45
35
25
15

5

Ac
cu

ra
cy

 ra
nk

50 45 40 35 30 25 20 15 10 555
Robustness rank

55
45
35
25
15

5

Ac
cu

ra
cy

 ra
nk

50 45 40 35 30 25 20 15 10 555
Robustness rank

55
45
35
25
15

5

Ac
cu

ra
cy

 ra
nk

ASMS
DSST
IVT
LT_FLO
mvcft
samf
sumshift

baseline
dtracker
kcf_mtsa
LPMT
ncc
SCBT
TGPR

bdf
fct
KCF2
matflow
OAB
sKCF
tric

cmil
fot
kcfdp
MCT
OACF
sme
zhang

CMT
FragTrack
kcfv2
MEEM
PKLTF
SODLT
Only CS features

muster
s3Tracker
struck

AOGTracker
DFT
HT
loft_lite

ACT
CT
ggt
L1APG
MIL
rajssc
srat
Only HOG features

DAT
HMMTxD
LGT
mkcf_plus
RobStruck
STC

amt

Proposed method

Figure 4: AR ranking plot for camera motion problems, normal conditions (empty), changes in illumination, changes in motion, occlusions,
and changes in size. The proposed method was compared with the proposed method using only HOG features, the proposed method using
only CS features, and other state-of-the-art tracking algorithms.

state-of-the-art tracking algorithms, s3Tracker and muster,
achieved second and third ranks for accuracy, respectively,
and the highest rank for robustness. These results are shown
in Figure 4.

Finally, after AR ranks from several problems including
camera motion, changes in illumination, motion changes,
occlusions, and size changes, as well as videos under normal
conditions (empty) are obtained, we can summarize the
results and then ranking plot for experiment baseline
(pooled) can be obtained. This ranking plot is obtained by
concatenating the results from all sequences and creating a
single rank list. As shown in Figure 5, the proposed method
achieved the highest rank in accuracy and second rank in
robustness. Meanwhile the proposed method using only
CS features achieved the highest rank in accuracy and a
robustness seventh ranking. The proposed method using
only HOG features achieved the highest rank for accuracy
but unfortunately achieved 45th rank for robustness. This
reinforces the idea that combining CS and HOG features
makes the tracking algorithm more robust and is very useful
when developing a tracking algorithm. However, for the sme
and sumshift trackers, both, achieved the highest rank for
accuracy and ranked fourth in the robustness. Finally, the
proposed method achieved a computation time of about
15 fps.

5. Conclusion

This paper described how to improve the performance of
HOG features-based Visual Object Tracking algorithm. The
proposed method combines a response map between the
HOG and CS features. The CS features are computed from a
shallow layer of a pretrainedCNNwith the input. In addition,
to handle the differences in resolution, an interpolation
approach is used. Further, experiments were conducted using
the VOT2015 benchmark dataset, which consists extensively
of 60 different videos.The results indicated that the proposed
method significantly improves the robustness performance
of a HOG feature-based approach. In addition, based on
a comparison with many other state-of-the-art tracking
algorithms, the proposed method achieved the highest rank
in terms of accuracy and a third rank for robustness.
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