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Scientiﬁc programming is a multidisciplinary ﬁeld that uses
advanced methods to understand and solve complex
problems. Meanwhile, machine learning is the ﬁeld that uses
statistical techniques to give computer systems the ability to
learn and extract knowledge from data, answering questions,
and solving problems in various application domains,
without the need of being explicitly programmed. Both are
exciting, complex, and interrelated ﬁelds in which advances
are taking place at a great pace.
This special issue aims to bring together some of the
most important advances related to the union of scientiﬁc
programming and progresses in the ﬁeld of machine
learning. Thus, after a rigorous selection process, this
number includes 9 works that allow us to continue exploring
the possibilities that machine learning can provide, particularly for scientiﬁc programming.
The ﬁrst paper is entitled “A 64-Line Lidar-Based Road
Obstacle Sensing Algorithm for Intelligent Vehicles” by
H. Wang et al. In this work, the authors present a novel
approach for road obstacle sensing through an eﬀective
and real-time-based algorithm. This work provides contributions to improve the safety of drivers using 64-line
lidar sensors and classiﬁers based on support vector
machines. The focus is on detecting obstacles with clustered object positions and speciﬁc features.
The second paper is entitled “A Low Cost Named
Entity Recognition Research Based on Active Learning”
by H. Huang et al. In this case, the authors propose advances in the ﬁeld of natural language processing. They
focus on named entity recognition by using active

learning together with the conditional random ﬁeld
classiﬁer, which serves to improve its performance. To this
end, the authors apply clusters created with the K-means
method. The testing data include Chinese judicial documents and Chinese electronic medical records.
The third paper is entitled “Design and Implementation
of a Machine Learning-Based Authorship Identiﬁcation
Model” by W. Anwar et al. The paper focuses on authorship
identiﬁcation in English and Urdu languages using a latent
Dirichlet allocation model. The presented approach is an
unsupervised computational methodology that can handle
the heterogeneity of datasets, diversity in writing, and the
inherent ambiguity of the Urdu language. Finally, the authors used a big corpus to test the performance of the
presented approach.
The fourth paper is entitled “A non-disturbing service to
automatically customize notiﬁcation sending using implicitfeedback” by F. López Hernández et al. The work addresses
the problem of automatically customizing notiﬁcations in a
nondisturbing way. The idea is to use implicit feedback in
order not to ask preferences directly to users. To that end, a
hybrid ﬁlter that combines both content and collaborative
ﬁltering to predict the best notiﬁcations for users in each
concrete situation is also presented.
The ﬁfth paper is entitled “Consensus ClusteringBased Undersampling Approach to Imbalanced Learning”
by A. Onan. In this work, the author works on class
imbalance, which is one important issue in machine
learning. He presents a consensus clustering-based
undersampling approach to imbalanced learning. The
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work also shows an empirical analysis with 33 small-scale
and 2 large-scale imbalanced classiﬁcation benchmarks
together with 5 clustering algorithms and their combinations, also with supervised learning methods.
The sixth paper is entitled “Towards the Construction of a
User Unique Authentication Mechanism on LMS Platforms
through Model-Driven Engineering (MDE)” by J. F. HerreraCubides et al. In this case, the authors work on authentication
issues. They propose a security abstraction model on learning
management systems based on model-driven engineering. To
that end, the authors presented a metamodel with a set of
guidelines on how to carry out authentication considering the
diﬀerent involved stakeholders.
The seventh paper is entitled “Design and Development
of a Large Cross-Lingual Plagiarism Corpus for Urdu-English Language Pair” by I. Haneef et al. In this work, the
authors focus on cross-lingual plagiarism that detects plagiarism of a text even if it is written in diﬀerent languages by
checking semantic similarities. The paper is intended to
present the results working with English and Urdu languages. To meet the goals, the authors have created a corpus
with 2398 source pairs, which is publicly available for research purposes.
The eighth paper is entitled “Avionics Graphics
Hardware Performance Prediction with Machine Learning” by S. R. Girard et al. The authors create a system design
tool to help predict the rendering performance of graphical
hardware based on the OpenGL library. That is, they
propose to replace expensive alternatives by a predictive
software application running on a desktop computer. In
addition, the authors render an industrial scene with
features not used during the training phase, getting an error
of less than 4 frames per second.
The last paper is entitled “Eﬀects of challenging weather
and illumination on learning-based License Plate Detection
in non-controlled environments” by A. Rio-Alvarez et al.
The authors work on automatic license plate recognition
systems focusing on license plate detention. They study the
diﬀerences in the eﬀectiveness of diﬀerent descriptors for
concrete weather conditions. They state that images aﬀected
by raining should not be included in training sets, but images
aﬀected by low illumination conditions should be included
because they increase performance.
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License Plate Detection (LPD) is one of the most important steps of an Automatic License Plate Recognition (ALPR) system
because it is the seed of the entire recognition process. In indoor controlled environments, there are many eﬀective methods for
detecting license plates. However, outdoors LPD is still a challenge due to the large number of factors that may aﬀect the process
and the results obtained. It is an evidence that a complete training set of images including as many as possible license plates angles
and sizes improves the performance of every classiﬁer. On this line of work, numerous training sets contain images taken under
diﬀerent weather conditions. However, no studies tested the diﬀerences in the eﬀectiveness of diﬀerent descriptors for these
diﬀerent conditions. In this paper, various classiﬁers were trained with features extracted from a set of rainfall images using
diﬀerent kinds of texture-based descriptors. The accuracy of these speciﬁc trained classiﬁers over a test set of rainfall images was
compared with the accuracy of the same descriptor-classiﬁer pair trained with features extracted from an ideal conditions images
set. In the same way, we repeat the experiment with images aﬀected by challenging illumination. The research concludes, on one
hand, that including images aﬀected by rain, snow, or fog in the training sets does not improve the accuracy of the classiﬁer
detecting license plates over images aﬀected by these weather conditions. Classiﬁers trained with ideal conditions images improve
the accuracy of license plate detection in images aﬀected by rainfalls up to 19% depending on the kind of extracted features.
However, on the other hand, results evidence that including images aﬀected by low illumination regardless of the kind of the
selected feature increases the accuracy of the classiﬁer up to 29%.

1. Introduction
This research work is aimed at studying the eﬀect of two
important issues for outdoor Automatic License Plate
Recognition (ALPR) systems as the rainfalls (rain, fog, and
snow) and the lack of light over the training stage of these
ALPR systems. Our main goal is obtaining new information
for improving the composition of training sets, achieving
valid conclusions for every kind of scenario while being
compatible with other image-processing techniques.
ALPR systems have played a prominent role in the literature over recent years due to their popular application in
real-life scenarios like automatic coin collectors in tolls,

supervision of traﬃc regulation, parking access, or traﬃc
control, among others. However, eﬃciency of such approaches is usually limited to speciﬁc or controlled
scenarios.
Figure 1 shows the traditional stages of any ALPR
system. These stages are common both in controlled and
uncontrolled environments. However, the algorithms that
must be applied in each of these stages should be adapted to
the particular conditions of the environment. The less
controlled the environment, the more diﬃcult the challenges
faced by the ALPR system.
License Plate Detection (LPD) is the ﬁrst stage of any
ALPR system. A complete image or video frame is taken as
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Image acquisition

License plate detection

License plate segmentation

Character recognition

Figure 1: Stages of an ALPR system.

input. The output is the set of Regions of Interest (ROIs) that
potentially contain a license plate. Therefore, LPD comprises
two phases: license plates localization and ROIs cropping.
The eﬃcacy of the LPD signiﬁcantly determines the accuracy
of the entire ALPR system. Moreover, it is the most timeconsuming stage.
LPD systems can be broadly categorized into two groups:
those based on boundary/edge information and character
detection and those based on Machine-Learning (ML) algorithms working on local features, mainly boosting-based
approaches. It is also important to mention another kind of
LPD systems based on the location of speciﬁc areas of the
vehicles close to the license plates (like for example the
braking lights). In any case, these context-aware methods are
based on one of the previous alternatives [1].
When the ALPR works in a controlled environment, the
region of the image where license plates can appear, the
license plate angle or its size is usually bounded. In addition,
many indoor scenarios such as parking accesses, lighting
conditions, and other meteorological factors can also be
controlled. In these scenarios, LPD methods based on edge
detections and morphological operations can achieve good
performance. These approaches are intuitive and powerful in
scenarios where license plates are not noisy [2].
Nevertheless, when the ALPR works in an uncontrolled
environment, no prior information can be used to support
the detection process. The license plate can appear in any
region of the image, and the detection algorithms usually
require an approach based on ML algorithms with a training
stage where all possible angles and sizes of license plates are
taken into consideration. Traditionally, this kind of approaches have handled the problem of the angle and regional
variations using a learning-based algorithm and including
suﬃcient variety of images in the training set. When dealing
with the issue of the scale, these systems use to sequentially
apply single-scale classiﬁers over a pyramid of images. But,
in outdoor environments, training can be also determined
by environmental factors such as lighting and meteorology
conditions.
An appropriate selection of the kind of descriptors is a
determinant step for ML-based approaches. In the same way,
the selection of images that will be used for the training is
one of the most important steps of the entire process. In this
paper, we evaluate the inﬂuence in the training process of the

weather and the challenging illumination that occur outside
uncontrolled environments. It is reasonable to think that a
complete set of training images including light variations
and diﬀerent weather conditions would improve the accuracy of the classiﬁer, especially if the system will be used in
areas with frequent rainfalls. In this research, we wonder
under which conditions this aﬃrmation is true. To answer
this question, we check the accuracy of diﬀerent classiﬁers
trained with images captured in optimal conditions and
compare it with those of the same classiﬁers but trained with
images aﬀected by challenging weather or low illumination.
This research includes the testing of commonly used
texture features such as Histogram of Oriented Gradients
(HOG) [3], Local Binary Pattern (LBP) [4], and Haar-like
features [5] in combination with a boosted cascade and a
Support Vector Machine (SVM) in order to consider traditional object detection algorithms such as the algorithm of
Viola and Johns [5], the HOG-based approach proposed by
Dalal and Triggs [3], and the approach based on LBP features
proposed by Ojala et al. [4]. In addition to the chosen
representative descriptors, we consider various texturebased variants such as the combination HOG-LBP [6],
Local Gradient Patterns (LGPs) [7], Multi-Block Local Binary Patterns (MB-LBPs) [8], Compound Local Binary
Patterns (CLBPs) [9], Local Ternary Patterns (LTPs) [10], or
features extracted from the Gray-Level Co-occurrence
Matrix (GLCM) [11].
In addition, and in order to check the robustness of our
research, we repeated our tests using three more classiﬁers:
K-Nearest Neighbor (KNN), an Artiﬁcial Neural Network
(ANN), and a Linear Regression (LR) approach.
The rest of the paper is organized as follows. In Section 2,
we brieﬂy review the related literature. Section 3 describes
the methods and algorithms tested in this research and
presents our proposed experiment in detail. The results of
the experiment are discussed in Section 4, and ﬁnally, we
conclude the paper in Section 5, explaining the limitations
and future work in Section 6.

2. Related Work
Challenging weather and diﬃcult illumination conditions
are important issues that should be taken into consideration
by every LPD system in outside uncontrolled environments.
Most of the existing LPD methods do not consider input
images having challenging illumination. Any methods
proposed a contrast enhancement step in their LPD step
[12, 13] using techniques as the fuzzy-based contrast enhancement technique proposed by Raju and Nair [14] or the
improved methods proposed by Xue et al. [15]. But these
kinds of methods are not an eﬀective technique for highly
low contrast regions as night images. Several others consider
uneven illumination and other low-contrast issues [16, 17]
but do not consider all challenging illumination conditions
as a great lack of light that happens at night in outside
environments. The use of special hardware like IR cameras is
a common solution utilized for many methods for detecting
license plates at night time [18, 19].
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In addition, preprocessing techniques based on Weber’s
Law can reduce the luminance eﬀect and the high-intensity
impulse noise [20] providing a better detection against illumination variation. In the same way, these techniques can
be used in the description of the images improving the
performance of object detection techniques, like WLD [21]
that is a texture descriptor based on Weber’s Law that
presents robustness to noise and illumination changes.
Respecting the challenging weather, in 2016, Azam and
Islam [22] considered that none of the existing LPD methods
until then were able to handle the issue of weather condition.
For support this assertion, they provide a table that summarizes the most important LPD techniques with their
limitations from the view of hazardous conditions. Since
then, few approaches have been taken into account in this
issue. Azam and Islam themselves [22] presented a LPD
system in hazardous conditions. This approach includes a
novel method that uses a frequency domain mask to ﬁlter
rain streaks from an image for rain removal.
Recently, Panahi and Gholampour [23] presented a
complete ALPR system capable of detecting and recognizing
Persian license plates obfuscated by stains and several levels
of dirtiness numbers in diﬀerent kind of scenarios, variable
weather and illumination. This approach is also assisted by a
monochrome camera and an IR projector for plate detection
and achieves a 98.7%, 99.2%, and 97.6% accuracies for plate
detection, character segmentation, and plate recognition,
respectively.
Raghunandan et al. [19] recently proposed a novel
mathematical model based on Riesz fractional operator for
enhancing details of edge information in license plate images. Performing this operation on each input image allows
to improve the quality of the images aﬀected by multiple
factors after applying detection and recognition methods.
The approaches listed above face the problem of challenging weather and illumination by diﬀerent preprocessing
techniques and specialized hardware. Otherwise, there are
not researches about how diverse weather aﬀects the training
using diﬀerent descriptors. In the training process, several
approaches simply incorporate diﬀerent weather and illumination conditions in its datasets. In the presented research, we wonder if any descriptor is capable to describe
correctly the challenging weather for using this information
in the detection process. In the same way, we analyze the
inﬂuence of challenging illumination in the same
descriptors.

3. Materials and Methods
He et al. in [24] consider Haar-like, HOG, and LBP as highly
representative descriptors for license plate detection because
Haar-like and LBP features are appropriate to represent
character corners, while HOG features are suitable to represent outlines, such as horizontal and vertical relation of
characters. For this reason, they proposed a fusion of LBP
and HOG features as a suitable descriptor for representing
license plates.
To be able to study the inﬂuence of weather conditions
and illumination changes over representative image
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descriptors, we decided considering these three descriptors,
motivated by the reasons given by He et al. [24] and supported by an extensive literature [10–18]. In addition, we
consider various improved variants of the aforementioned
representative descriptors proposed recently in the literature
like Local Gradient Patterns (LGPs), Multi-Block Local
Binary Patterns (MB-LBPs), Compound Local Binary Patterns (CLBPs), the combination of HOG and LBP (HOGLBP) or Local Ternary Patterns (LTPs), and features
extracted from the classical Gray-Level Co-occurrence
Matrix (GLCM), one of the earliest techniques used for
image texture analysis. Furthermore, we expect that descriptors based on the same kind of feature perform similar
behaviours.
Color-based descriptors are also widely used in LPD but
are not considered for the present research. Since some
countries have speciﬁc colors for their license plates, the
main idea of the color-based LPD methods is the location of
this color pattern in the image, for example, using the blue
rectangle that appears on the left side of European license
plates. This kind of methods, in addition to be closely associated to certain kind of license plate, are not taken into
consideration for this paper due to the fact that color features are sensitive to illumination variations, so some approaches also require special lighting [25], and they are not
considered a good option for uncontrolled environments.
Each descriptor was trained using the original classiﬁer
proposed in the literature. These combinations featureclassiﬁer are given in Table 1 marked with a check (✓). In
addition to these original combinations, three more classiﬁers (A Neural Network, K-Nearest Neighbor, and a Linear
Regression) are included in this research in order to support
the results obtained by the originals combinations.
SVM has been taken as the reference classiﬁer for
training the other descriptors due to its widespread use for
texture classiﬁcation. In addition, to ensure the robustness of
the experiment, we repeated the tests of each variant using
the above-mentioned three additional classiﬁers.
For each combination of descriptor-classiﬁer, one “generic” classiﬁer was trained with a set of images obtained in
ideal conditions (without challenging weather and adequate
lighting) and another “speciﬁc” one was trained with a set of
images aﬀected by rainfalls (heavy rain, snow, or fog). Both
classiﬁers were tested over another set of images aﬀected by
rainfalls with the goal of comparing the eﬀectiveness of both
classiﬁers detecting license plates under these challenging
conditions. The objective is to determine which kind of
descriptor can adapt better to challenging weather and how
could we increase the performance of each descriptor by an
appropriate selection of images for the training sets.
In the same way, we repeat the experiment using images
aﬀected by challenging illumination. One generic classiﬁer
and another speciﬁc classiﬁer (trained with images taken
without an adequate lighting) were trained for each combination descriptor-classiﬁer and testing with a set of images
taken in poor illumination conditions. The goal is the
same—obtain information about how each descriptor is
aﬀected by low illumination and improve our knowledge
about the composition of training sets.
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Table 1: Original combinations of features and classiﬁers.

Features
Haar-like
HOG
LBP

SVM

AdaBoost (cascaded)
✓

✓
✓

3.1. Feature Extractors and Classiﬁers
3.1.1. Histogram of Oriented Gradients (HOG). HOG descriptor was introduced by Dalal and Triggs [3] in 2005 and
is based on evaluating well-normalized local histograms of
image gradient orientations in a dense grid.
The image is divided into blocks which also consist of
several cells. For each cell, a histogram that summarizes the
gradient direction of each pixel is calculated. The traditional
steps of this process are shown in Figure 2.
Every histogram is concatenated into one vector. This
vector is a HOG descriptor of the image. Modifying the size
of cells and blocks, it is possible to adapt the descriptor to
diﬀerent scales.
Figure 3(b) is the visualization of a HOG descriptor of
the input image (Figure 3(a)) calculated using 8 ∗ 8 pixels
per cell, the descriptor shown in Figure 3(c) is calculated
using 16 ∗ 16 pixel per cell, and ﬁnally, the descriptor shown
in Figure 3(d) is calculated using 32 ∗ 32 pixel per cell. This
kind of visualization shows for each cell the visual representation of the gradient vectors that are summarized into its
histogram.
The classiﬁer selected by Dalal and Triggs it is a SVM.
SVM is a supervised machine-learning algorithm which can
be used for both classiﬁcation and regression challenges.
SVM was developed by Vladimir Vapnik and Alexey Ya.
Chervonenkis in 1963 and with further improvements was
published in 1995 by Cortes and Vapnik [26].
SVMs are binary classiﬁcations systems, only two classes
are considered. In the case of LPD, these classes are License
Plate (LP) and Not License Plate (NLP). In their simplest
form, SVMs are hyperplanes that separate the training data
by a maximal margin. The training samples that lie closest to
the hyperplane are called support vectors.
In other words, given the training data {x1 , . . ., xl },
SVM ﬁnds the hyperplane leaving the largest possible
number of samples of the same class in the same side,
while maximizing the distance of either class from the
hyperplane. Depending on the side of the hyperplane
where they are located, the samples are labelled with
1 or −1:
x1 , y1  x2 , y2  · · · xl , yl ,

xi ∈ RN , y ∈ {−1, 1}.

(1)

LP and NLP classes are considered. Each positive sample
(LP) is labelled as 1, and negative samples (NLP) are labelled
as −1.
Finding the optimal hyperplane implies solving a constrained optimization problem using quadratic programming. The distance between positive and negative
samples is the optimization criterion. The hyperplane is
deﬁned as

l

f(x) �  yi αi k x, xi  + b,

(2)

i�1

where k is the kernel function. Any data point xi corresponding to a nonzero αi is a support vector of the optimal
hyperplane. Therefore, ﬁnding the optimal hyperplane is
equivalent to ﬁnding the all nonzero αi . When f(x) ≥ 0, x is
classiﬁed as 1 (LP); otherwise, x is classiﬁed as −1 (NLP).
Several diﬀerent kernels are used to solve diﬀerent
problems. In this research, a linear kernel is used due its
performance in the context of LPD [27].
Muhammad and Altun [28] utilized HOG features for
detecting license plates by means of genetics algorithms with
a success rate of over 98 percent. In [29], Sarfraz et al.
proposed a method in which the license plate is previously
bounded in a region of interest and localized by simple
template matching using HOG descriptors. Khan et al.
proposed an eﬃcient method [30] using a fusion between
HOG features and geometric features followed by a selection
of diﬀerent features selected using a novel entropy-based
method. On the other hand, HOG descriptors are widely
used in ALPR systems for detecting characters of the license
plate in the recognition stage [31].
3.1.2. Local Binary Patterns (LBPs). The original idea proposed by Ojala et al. [4] was to label each pixel of an image
with LBP codes. The ﬁrst step for calculating each LBP code
is subtracting the center pixel value from the value of its
eight neighbors in a 3 × 3 square. Resulting strictly negative
values are encoded with 0, and the others with 1. Concatenating all these binary codes in a clockwise direction
starting from the top-left produces the LBP code associated
to the center pixel, and this decimal value encodes the local
structure around it. Figure 4 shows an example of the basic
LBP operator.
Using the basic LBP operator, large-scale structures
cannot be captured due the small 3 × 3 square. To deal with
textures at diﬀerent scales, the size of the neighborhood
becomes variable [32] and is deﬁned as a set of sampling
points evenly spaced on a circle whose center is the pixel to
be labelled. The sampling points that do not fall within the
pixels are interpolated allowing for any radius and any
number of sampling points in the neighborhood [33]. The
notation (P, R) denotes a neighborhood of P sampling points
on a circle of radius R. Figure 5 represents three examples of
three LBP operators with diﬀerent radius and numbers of
sampling points.
Dividing the image in groups of pixels called blocks and,
summarizing the LBP values of the pixels of each block in a
histogram, a powerful texture descriptor is obtained. Now,
the feature vector can be processed using a Support Vector
Machine (SVM), K-nearest neighbor (K-NN), or some other
machine-learning algorithm.
Since the publication of Ojala et al. [4], LBP methodology has been developed with plenty of variations for
improved performance in diﬀerent applications including
license plate detection. Recently, Al-Shemarry et al. [34]
proposed a novel LPD method based on AdaBoost cascades
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Figure 2: Traditional steps of HOG calculation.
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Figure 3: Visualization of three HOG descriptors (b–d) obtained from the same input image (a).
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Figure 4: Original LBP codes calculation.
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Figure 5: Examples of diﬀerent extended LBP operators.

classiﬁers with three-level LBPs (3L-LBP) features. Rashedi
and Nezamabadi-pour proposed in [35] a complete LPD
solution employing a combination of four methods including one based on cascade classiﬁers and local binary
pattern (LBP) features.
(a)

3.1.3. Haar-Like Features. Under the approach of Viola and
Jones [5], rectangular regions with shaded and clear areas are
extracted from the image. The four original kinds of feature
are shown in Figure 6. These features are designed for
detecting certain elements, like edges (Figures 6(a) and 6(b)),
lines (Figure 6(c)), and diagonals (Figure 6(d)). The resulting
value of the feature is calculated by subtracting the sum of all
pixels within shaded rectangles from the sum of the clear
rectangles.
These features were initially designed for the speciﬁc
problem of face detection. In 2002, Lienhart et al. [36]
presented an extended set of Haar-like features which add
additional domain-knowledge to the framework.
The original work of Viola and Jones [5] was designed for
detecting faces using a cascade classiﬁer based on AdaBoost
[37]. Its proven eﬀectiveness detecting faces allows that it
quickly became popular in every area of object detection.
The Boosted Cascade of Simple Features is a supervised

(b)

(c)

(d)

Figure 6: Original Haar-like features.

machine-learning method based on AdaBoost (Adaptative
Boosting), required for training the cascade. Boosting
techniques are based on the combination of weak classiﬁers
for creating a strong classiﬁer with the desired precision.
AdaBoost was introduced by Freund and Schapire [37]
in 1995 in order to solve many challenges associated to
boosting processes. For creating a cascade, AdaBoost is used
both for selecting a set of features and training the classiﬁer.
For selecting features, weak classiﬁers, each of them
associated to a single feature, are trained. The main goal of
these classiﬁers is to determine the value that minimizes the
number of badly classiﬁed samples. Therefore, a weak
classiﬁer, hj (x), where x is an input image, can be determined by a feature fj , a threshold θj , and a polarity
pj ∈ {−1, 1}
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hj (x) � 

1,

if pj fj (x) < pj θj ,

0,

otherwise.

(3)

For each iteration of the AdaBoost algorithm (t � 1, . . .,
T), one weak classiﬁer, and thereby one feature, is selected.
The strong classiﬁer is computed as a linear combination of
the selected weak classiﬁers ht (x) which value is either 0 or 1
and is weighted by αt
⎧
⎪
⎪
⎪
1,
⎪
⎨
hj (x) � ⎪
⎪
⎪
⎪
⎩
0,

T
1 T
if  αt ht (x) ≥  αt ,
2 t�0
t�0

All sub-windows

1
F

T

T

2
F

T

3

Further
processing

F

No license plate

(4)

Figure 7: Cascade of classiﬁers.

otherwise.

Instead of creating a single strong classiﬁer by the above
descripted algorithm, it is possible to create several eﬃcient
smaller classiﬁers capable of rejecting a high number of
negative windows whilst continuing to ensure a high
number of positive windows for its evaluation in further
classiﬁers. In this way, a cascade of classiﬁers is obtained.
This process is represented in Figure 7.
Respecting to LPD, Zheng et al. proposed in [38] an
eﬃcient cascade detector whose two ﬁrst stages are based on
global features in order to discard most clear background
areas, and the four following stages are based on Haar-like
features. Furthermore, Wang et al. [39] presented a cascadebased classiﬁer for detecting and tracking license plates using
an extended set of Haar-like features.
3.1.4. Variants. In order to conﬁrm the results obtained for
the three selected representative descriptors, we added to our
research various related texture descriptors and improved
variants: Compound Local Binary Patterns (CLBPs), Local
Ternary Patterns (LTPs), Local Gradient Patterns (LGPs),
Multi-Block Local Binary Patterns (MB-LBPs), HOG-LBP
combination, and features extracted from the Gray-Leve Cooccurrence Matrix (GLCM).
Compound Local Binary Patterns [9] increases the robustness of simple LBP. In this method, a 2-bit code is used
to encode the local texture property of an image. The ﬁrst
one encodes the diﬀerence between the center and neighboring pixel value, while the second bit is used to encode the
magnitude of diﬀerence with respect to a threshold. The
main disadvantage of CLBP algorithm is the size of the
feature descriptor in the process of texture feature description, which is larger than other LBP variants and brings
great diﬃculty to the calculation. Reducing the feature dimension will inevitably lead to the loss of texture features.
Local Ternary Patterns [10] was introduced in 2010 by
Tan and Triggs for face recognition. From then, several LTP
methods were developed for improving the original LPT
([40–43]). Original LTP used uses a group of ternary codes
{+1, 0, −1} to encode each pixel. Every ternary sequence is
divided into two separate sequences of LBP: upper patterns
and lower patterns. The algorithm generates the texture
features through these binary codes.
LTP is capable to encode the relations “greater than,”
“equal to,” and “less than” between a pixel and its neighbors;

on the other hand, LBP could only reﬂect two of them
“greater than” and “less than.”
Jun et al. [7] proposed the Local Gradient Patterns in
2013. The main goal of LGP was to overcome the problem of
local intensity variations along the edge components. In
order to achieve that, LGP considers the intensity gradient
proﬁle to emphasize the local variation in the neighborhood.
If the intensity of the entire image is changed globally, there
is no signiﬁcant diﬀerence between the LGP and LBP operators (invariant patterns). If the intensity of the background or the foreground is changed locally, the LGP
generates invariant patterns in contrast to the LBP operator
due to gradient diﬀerences (not only by intensity
diﬀerences).
Multi-Block LBP, proposed by Zhang et al. [8], is an
extension of LBP. Equally sized subblocks are used to
compute the features. Instead of taking the comparison
between single pixel values, MB-LBP takes the comparison
between mean pixel values of these subblocks and does well
in describing the texture information in diﬀerent scales
allowing its computation on multiple scales in constant time
using the integral image.
Combining Histogram of Oriented Gradients (HOG)
and Local Binary Pattern (LBP) as the feature set, Wang et al.
[6] proposed a novel approach for detecting pedestrians. The
proposed method combines the HOG feature with the cellstructured LBP feature.
When the background contains a high amount of noisy
edges, HOG performs poorly. However, LBP uses the
concept of uniform pattern that can ﬁlter this kind of noises.
This reason makes them complementary in this aspect. This
combination brings together the advantages of HOG and
LBP for detecting license plates. In this way, He et al. [24]
recently published a part-based model using HOG for
detecting the car and the combination between HOG and
LBP for detecting the license plate.
The Gray Level Co-occurrence Matrix [11] is one of the
earliest techniques used for image texture analysis. Given a
grayscale image composed of pixels each with a speciﬁc gray
level (intensity), the GLCM is a tabulation of how often
diﬀerent combinations of gray levels co-occur in the image
or in a subimage. Using the content of a GLCM matrix,
the associate descriptor calculates diﬀerent texture properties as contrast, dissimilarity, homogeneity, energy, and
correlation.
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3.2. Dataset. An extensive and complete dataset provided by
the City Council of Oviedo (Asturias, Spain) that includes
more than 1,000,000 of images captured by the traﬃc
cameras of the city between 2013 and 2016 was used. All
images included at least one license plate, and they were
captured from 37 diﬀerent locations: restricted access areas,
urban and interurban roads up to 4 lanes, intersections with
traﬃc lights, and roundabouts.
Several camera positions were used. In some cases, such
as restricted access areas, the camera is located on the side of
the vehicle, while on roads and intersections, the camera is
usually located hanging from poles, lampposts, or traﬃc
lights.
Images were captured for 24 hours a day, and several
degrees of illumination and meteorological conditions are
included in the dataset. From the dataset described above,
21,000 images were extracted and sorted into three groups
depending on the environmental conditions: rainfall (rain,
snow, and fog), low illumination, and optimal conditions
(without rainfall and with good illumination). Example
images of low illumination set and rainfall set are shown in
Figures 8(a) and 8(b), respectively. Every group is composed
by a training set of 5,000 images and a test set of 2,000
images. The percentage of images captured from the different cameras and locations is the same in each group.
Table 2 summarizes the composition and purpose of each set
of images.
In addition, 7000 negative images were extracted by
cropping nonlicense plates areas from images of the main
set, in order to consider the same urban scenarios.
3.3. Methodology. The main goal of this experiment is to
compare the accuracy of a classiﬁer trained with images
captured in optimal conditions with the same classiﬁer
trained with images aﬀected by challenging weather or low
illumination over the corresponding test images set.
Our experiment is composed by two phases, each one
associated with one of the two issues considered for this
paper: challenging weather and low illumination. First, we
analysed the inﬂuence of the challenging weather. To achieve
this goal, we proceeded as follows. For each combination of
descriptor-classiﬁer, one classiﬁer was trained using the
GenTrainingSet and another one was trained using the
RainTrainingSet composed of images aﬀected by challenging
weather. Both classiﬁers were tested over the set
RainTestSet which is composed of images aﬀected by
challenging weather. Comparing the accuracy of both
classiﬁers detecting license plates under these challenging
conditions, it is possible to determine which kind of descriptor can adapt better to challenging weather and how
could we increase the performance of each descriptor by an
appropriate selection of images for the training sets.
For the second phase, we repeat the experiment using
images aﬀected by challenging illumination. One classiﬁer
trained using the GenTrainingSet and another one using the
NightTrainingSet (trained with images taken without an
adequate lighting) were considered for each combination of
descriptor-classiﬁer and testing with the NightTestSet. The
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goal is the same—obtain information about how each descriptor is aﬀected by low illumination and improve our
knowledge about the composition of training sets.
The classiﬁers were named as follows: CLASSIFIERDESCRIPTOR-{GEN/RAIN/NIGHT}. Where the suﬃx
-GEN indicates that the classiﬁer was trained with the optimal conditions training set (GenTrainingSet), the suﬃx
-RAIN denotes that the classiﬁer was trained with the rainfall
training set (RainTrainingSet), and in the same way, the
suﬃx -NIGHT indicates that the classiﬁer was trained with
challenging illumination images (NightTrainingSet).
As an example of the entire test for each pair classiﬁerdescriptor, Figure 9 represents the model training step
(Figure 9(a)) and the testing step (Figure 9(b)) for the pair
SVM-HOG. This procedure is repeated for each possible pair
of classiﬁer-descriptor.
The HOG features extraction module was conﬁgured
with the following parameters. The cell size was settled at
8 × 8 pixels, and every block is composed by 2 × 2 cells. 9
orientations are considered; this is the number of orientation
bins that the gradients of the pixels of each cell will be split
up in the histogram.
Regarding the extraction of LBP features, each LBP code
is deﬁned by 8 sampling points and a 2px radius. Images are
divided into 16 × 16 px blocks, and the LBP codes of each
block are summarized in a histogram. Each histogram has a
separate bin for every pattern. We decided to use uniform
patterns [44] in order to reduce the length of the histogram,
and thus the dimension of the feature vector. Using uniform
patterns, the length of the feature vector for a single cell
reduces from 256 to 59.
Every Cascade classiﬁer was trained with the same parameters. The training process was settled at 20 stages.
Minimal desired hit rate for each stage of the classiﬁer was
settled at 0.998, and the maxima desired false alarm at 0.5.
In relation to linear SVM, all classiﬁers were also trained
using a Regularization factor C settled in 0.1.
3.4. Evaluation. In order to compare detectors, miss rate
versus FPPI (false positive per image) by varying the
threshold on detection conﬁdence are plotted. Both values
are plotted on log axes according with the evaluation metrics
proposed by Dollar et al. [45]. This is preferred to precision
recall curves for tasks in which there is an upper limit on the
acceptable FPPI rate independent of license plate density
[45].
Miss rate or false positive rate (FPR) is the number of
missed detections (license plates that the classiﬁer failed to
detect) in relation to the number of false positives. It is the
opposite of recall or true positive rate (TPR).
TPR(recall) �

TP
,
P

(5)

FN
� 1 − TPR.
FPR(miss rate) �
P
Equation (5) shows the relation between recall or TPR
(true positive rate) and miss rate or FPR. Where TP (true
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(a)

(b)

Figure 8: Example images extracted from the low illumination set (a) and rainfall set (b).
Table 2: Description of the sets of images used for the experiments.
Name
GenTrainingSet
GenTestSet
RainTrainingSet
RainTestSet
NightTrainingSet
NightTestSet

Purpose
Training
Test
Training
Test
Training
Test

Number of images
5000
2000
5000
2000
5000
2000

HOG features extraction

GenTrainingSet

HOG features extraction

RainTrainingSet

NightTrainingSet

HOG features extraction

Description
Images taken in optimal conditions (without rainfall
and with good illumination)
Images taken under rainfall conditions (heavy rain,
fog, or snow)
Images taken under diﬃcult lighting conditions (lack
of light)

HOG
features

HOG
features

HOG
features

SVM training

SVM-HOG-GEN

SVM training

SVM-HOG-RAIN

SVM training

SVM-HOG-NIGHT

(a)
SVM-HOG-GEN classification
Results

RainTestSet
SVM-HOG-RAIN classification

SVM-HOG-GEN classification
Results

NightTestSet
SVM-HOG-NIGHT classification

(b)

Figure 9: Complete experiment for the pair SVM-HOG including classiﬁers creation step (a) and testing step (b).

positives) is the number of correct detections, P is the total
number of license plates, and FN (false negative) is the
number of missed detections. False positives per image is the
number of false positives in relation to the total number of
images.

FPPI �

FP
,
total number of images

(6)

In this kind of graphs, lower curves indicate better accuracy. Miss rate equal to 1 FPPI is considered the common

Scientiﬁc Programming

9

reference point for comparing results, considering that there
are 1.2 license plates/image in the selected test sets. In addition, the range 10−2–101 is considered the range of interest
for evaluating which classiﬁer performs better (the lower the
curve, the better the performance).

This research focuses on two environmental factors as
challenging weather and challenging illumination conditions. Eight tests were performed for each challenge, comparing the performance of speciﬁc trained classiﬁers with
generic trained classiﬁer according the metric exposed in
Section 3.1.
In order to analyze the eﬀects of the challenging weather
conditions, eight tests were developed. First, HOG features
are tested, in accordance with the approach of Dalal and
Triggs [3], by comparing the performance of the SVM
trained in optimal conditions and the SVM trained with
challenging weather (Figure 10).
The classiﬁer trained with the GenTrainingSet performs
better than the classiﬁer that has received a speciﬁc training
for challenging weather (RainTrainingSet). The performance
of the generic classiﬁer improves up to 19% the recall at 1
FPPI.
Secondly, we tested the classical approach of LBP descriptor with an SVM classiﬁer. Figure 11 shows the results
of this test.
At ﬁrst, we selected the nonrotation invariant LBPUniform version as representative LBP operator
(Figure 11(a)). When using a SVM classiﬁer, we did not
detect a clear diﬀerence between the two curves. It is clearly
seen that both curves performs better than the another one
along two diﬀerent parts of the rage of interest. In order to
ensure reliable results, we decided to repeat the experiment
using the original LBP operator (Figure 11(b)), using the
same parameters as the NRI LBP-U except the number of
bins of the histogram (255 instead of 59). The margin between both curves was already small, but in this last test, the
performance of the classiﬁer trained with the GenTrainingSet outperformed the speciﬁc one over the whole range
of interest.
The following test compared the performance of the
algorithm of Viola and Jones [5] trained with good weather
conditions and trained with speciﬁc challenging weather
images.
Figure 12 shows again that the curve of the classiﬁer
trained with optimal conditions images runs along the area
of interest under the speciﬁc training classiﬁer curve. The
diﬀerence between them is not very high due to the high
accuracy of this approach for LPD.
Regarding the variants, the results are in line with the
three selected representative descriptors. It is important to
note that every LBP variant (CLBP, LTP, LGP, and MB-LBP)
obtained similar results at the range of interest. Our tests
show (Figure 13) that the performance of the generic
classiﬁer of each LBP-based descriptor improves the recall
of the model between 5% and 10% at the reference point

Miss rate

4. Results and Discussion

SVM-HOG (Rainfall test)
1
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2

0.1

10–2

10–1

100

101

FPPI
Results-Rain test/SVM-HOG-GEN
Results-Rain test/SVM-HOG-RAIN

Figure 10: Results of the challenging weather test for HOG descriptors using an SVM classiﬁer.

of 1 FPPI, compared to the speciﬁc one trained with
RainTrainingSet.
Figure 14 shows the comparison between the performance of both classiﬁers trained with HOG-LBP descriptors
and the SVM classiﬁer. According to the results obtained by
the HOG descriptor, the general performance of both curves
outperforms the LBP variants. Results are similar to those of
previous tests. In this case, the performance of the generic
classiﬁer trained with the GenTrainingSet improves up to 7%
the recall of the classiﬁer trained with the RainTrainingSet at
the reference point of 1 FPPI and remains higher all along
the range of interest.
Finally, we repeated the test with the GLCM descriptor. Because of the simplicity of the extracted features, the general performance of both curves is
signiﬁcantly worse than the rest of tests. Irrespective of
general performance, Figure 15 shows that the curve of the
generic classiﬁer trained with the GenTrainingSet outperforms, again, the curve of the classiﬁer trained with an
speciﬁc training.
The second challenging environmental condition for
evaluation in this research was the lack of light in ALPR
scenarios. We used the same procedure as for evaluating the
eﬀects of challenging weather.
Again, the ﬁrst test of this experiment was designed for
evaluating the eﬀects of the lack of light in HOG performance by comparing the performance of the SVM
trained in optimal conditions and the SVM trained with
challenging illumination (Figure 16). It is noticeable that
the curve that relates Miss rates and FPPI corresponding
to the classiﬁer which has received a speciﬁc training with
the NightTrainingSet performs better than the classiﬁer
trained with the GenTrainingSet all along the range of
interest.
Figure 17 shows the results of the same test but using
LBP descriptors. The curve corresponding to the classiﬁer
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Figure 11: Results of the challenging weather test for two diﬀerent kinds of LBP descriptors using an SVM classiﬁer. The left-hand image (a)
shows the results using the extension nonrotation invariant LBP-Uniform and the right-hand image (b) shows the results using the original
simple LBP operator.
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Figure 12: Results of the challenging weather test for the Viola and Jones [5] approach.

which has received a speciﬁc training with NightTrainingSet
performs clearly better than the classiﬁer trained with good
conditions images along the range of interest. LBP is able to
capture the light diﬀerences with high accuracy, and the

diﬀerence between the classiﬁers with regard to recall is up to
19% taking 1 FPPI as reference.
Similar results were obtained in the next test. Results
show again a clear diﬀerence between the performance of
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Figure 13: Results of the challenging weather test for LBP variants trained with SVM classiﬁers: CLBP (a), LTP (b), LGP (c), and
MB-LBP (d).

the curve corresponding to the classiﬁer which has received a speciﬁc training with NightTrainingSet and
the curve corresponding to the classiﬁer trained with
good conditions images. Figure 18 shows the graph relative to the Cascade Classiﬁer of Haar features. In this test,
the performance of the speciﬁcly trained classiﬁer improves the recall up to 29% at the reference point of 1
FPPI.
With regard to the variants, there are huge diﬀerences
between the curve corresponding to the classiﬁer which has
received a speciﬁc training and the generic one for every test
performed. The results were conclusive, and every variant
test (Figure 19) conﬁrmed the results of the representative
descriptors tests.

4.1. Robustness Checks. In order to verify the robustness of
our results, three additional classiﬁers were included in our
tests: Linear Regression (LR), K-Nearest Neighbor (K-NN),
and an Artiﬁcial Neural Network (ANN).
The LR classiﬁer implements a simple logistic regression
using a regulation factor c � 1.
The K-NN classiﬁer deﬁnes the class of an element
depending on the distance measured between these elements
and its neighbors. We selected a minimum of 5 nearest
neighbors and an Euclidean function for computing the
distance. Respecting the ANN, we used a Multi-layer Perceptron with one hidden layer.
Similar diﬀerences can be observed between the curve
corresponding to the model which received a speciﬁc
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Figure 14: Results of the challenging weather test for HOG-LBP
descriptor using an SVM classiﬁer.

Figure 16: Results of the challenging illumination test for HOG
descriptors using an SVM classiﬁer.
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Figure 15: Results of the challenging weather test for GLCM
descriptor using an SVM classiﬁer.

training and the curve trained with the generic GenTrainingSet for each descriptor regarding the kind of classiﬁer.
The results conﬁrm that the curves associated to a speciﬁc
training tend to outperform the generic one for challenging
illumination tests. On the other hand, the curve associated to
a generic training tends to outperform the speciﬁc one for
challenging weather tests.
Detailed data of every test performed is available in
https://doi.org/10.6084/m9.ﬁgshare.7926920.

5. Conclusions
When an object detection system based on feature classiﬁcation is executed in outdoor scenarios, it is reasonable
to think that the best way to obtain a good performance is
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Results-Night test/SVM-LBP-GEN
Results-Night test/SVM-LBP-NIGHT

Figure 17: Results of the challenging illumination test for LBP
descriptors using an SVM classiﬁer.

to consider every environmental condition in the training
sets. If it is located in a place where it often rains, a feasible
strategy is to train the classiﬁer using rain images in
proper proportion. In the same way, if the system operates
during the night, it makes sense to use low-illumination
images in proportion to the estimated time that the system
works under these conditions or, if it is possible, to work
with diﬀerent classiﬁers speciﬁcally trained for each
condition.
The results obtained suggest that illumination and
weather are two diverse problems with a diﬀerent origin.
Thus, their inﬂuence in the description of objects is completely diﬀerent.
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Figure 18: Results of the challenging illumination test for the Viola and Jones [5] approach.
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Figure 19: Results of every variant for the challenging illumination test using an SVM classiﬁer: CLBP (a), LTP (b), HOG-LBP (c), GLCM
(d), LGP (e), and MB-LBP (f ).

Regardless the kind of feature, the eﬀect of rainfall is not
adequately reﬂected in the descriptors. After testing four
diﬀerent features in combination with two descriptors, only
the combination LBP + SVM does not produce conclusive
evidence. The remaining tests indicate that by removing the
rainfall images from the training sets, it is possible to

improve the performance of the classiﬁer up to 19%. When
the rain, fog, or snow is captured by a camera into a 2d
image, suspended particles create a random pattern between
the camera and the objective. These patterns diﬀer, and it
seems that the feature extraction process is not capable to
recover relevant information to improve the classiﬁcation. In
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fact, the inclusion of this random information over the
license plates could worsen the performance of the classiﬁer
because its eﬀect is similar to that of digital noise.
On the contrary, the results suggest that the inﬂuence of
light should be considered in the training process. Texture,
color, or gradient patters produced in diﬀerent illumination
conditions are important information to be extracted because these patterns could be recognizable by the classiﬁer.
HOG is the least-sensitive descriptor with regard to
challenging illumination. HOG summarizes the gradient
information into histograms grouped by its direction. These
gradient directions remain constant regardless the intensity
of the light, and therefore, the performance improvement of
the classiﬁers is not high. With an LBP descriptor, it is
possible to improve the classiﬁer recall up to 20% by performing a proper training that considers images aﬀected by
challenging illumination. In a similar way, we could improve
the performance of the Viola and Jones algorithm up to 29%
by including diﬀerent illumination conditions.
Comparing with other recent techniques [12, 17], which
usually deﬁne all phases of LPD, our technique was tested
with diﬀerent texture-based descriptors and classiﬁers,
allowing for a great adaptability to any algorithm based on
ML. The conclusions of our study allow for a correct selection of the images that comprise the training sets;
therefore, our technique is compatible with many other
preprocessing techniques [12–23] that try to avoid the adverse eﬀects of meteorology and lack of lighting.

6. Limitations and Future Work
In the presented research, several texture-based descriptors
were tested under the assumption that other descriptors
based on the same kind of features exhibit similar behaviour.
It is an interesting research for us, expanding our work
including descriptors like SURF, SIFT, FAST, or CSIFT. In
addition, Content-Based Image Retrieval (CBIR) has
attracted enormous attention over the last few years, and
methods incorporating shape, spatial layout, and saliency to
describe visual contents are gaining attention. In this line,
novel descriptors which incorporate various kinds of features have been developed recently. Incorporating descriptors as MTH, CDH, SED, or MSD into our work is
another interesting research for us.
We decided to test our classiﬁers using our own dataset
because it is not a goal of this paper to compare the accuracy
of the tested classiﬁers with the state of the art. Instead, the
objective is to assess the variation in the accuracy of each
classiﬁer when the training set is modiﬁed in order to include challenging illumination/weather conditions. Comparing the performance of diﬀerent approaches, considering
the conclusions extracted from this paper, by testing them
using the widely used benchmarks is an important avenue of
research.
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Within the strongly regulated avionic engineering ﬁeld, conventional graphical desktop hardware and software application
programming interface (API) cannot be used because they do not conform to the avionic certiﬁcation standards. We observe the
need for better avionic graphical hardware, but system engineers lack system design tools related to graphical hardware. The
endorsement of an optimal hardware architecture by estimating the performance of a graphical software, when a stable rendering
engine does not yet exist, represents a major challenge. As proven by previous hardware emulation tools, there is also a potential
for development cost reduction, by enabling developers to have a ﬁrst estimation of the performance of its graphical engine early
in the development cycle. In this paper, we propose to replace expensive development platforms by predictive software running on
a desktop computer. More precisely, we present a system design tool that helps predict the rendering performance of graphical
hardware based on the OpenGL Safety Critical API. First, we create nonparametric models of the underlying hardware, with
machine learning, by analyzing the instantaneous frames per second (FPS) of the rendering of a synthetic 3D scene and by drawing
multiple times with various characteristics that are typically found in synthetic vision applications. The number of characteristic
combinations used during this supervised training phase is a subset of all possible combinations, but performance predictions can
be arbitrarily extrapolated. To validate our models, we render an industrial scene with characteristic combinations not used during
the training phase and we compare the predictions to those real values. We ﬁnd a median prediction error of less than 4 FPS.

1. Introduction
In recent years, there has been an increased interest in the
avionics industry to implement high-performance graphical
applications like synthetic vision systems (SVSs) that display
pertinent and critical features of the environment external to
the aircraft [1]. This has promoted the advent of faster
graphical processing hardware. Because it is a highly regulated
ﬁeld, conventional desktop and embedded graphics hardware
could not be used because they do not conform to the DO178C and DO-254 avionic certiﬁcation standards (the international standards titled “RTCA DO-178C—Software
Considerations in Airborne Systems and Equipment Certiﬁcation” and “DO-254—Design Assurance Guidance for

Airborne Electronic Hardware” are the primary standards for
commercial avionics software and hardware development)
[2, 3]. Considering the need of avionic hardware with higher
performance, we observe that graphical application development tools and hardware benchmarks and simulators
available for conventional embedded or desktop graphical
applications seem still to be missing for avionics applications.
This fact is made especially clear when a quick search through
the speciﬁcations of the most renowned tools such as Nvidia
Nsight [4], AMD PerfStudio [5], or SPECViewPerf [6] lead to
the same conclusions. Even though, there are some WYSIWYG (“what you see is what you get”) GUI toolboxes
available for the ARINC-661 standard [7, 8], it seems that
there is no performance benchmark, performance prediction
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tool, or performance-correct simulator available for graphical
avionic hardware. The interest in having such tools is especially signiﬁcant because most development processes include
a design phase before the actual implementation. Taking the
example on the classical V-Model [9], designers must make
choices in regard to the purchase or the in-house development of graphical hardware. But as they want to evaluate the
performance of such hardware relating to the choices made,
they need some kind of performance metrics and benchmarks. This benchmarking tool should be provided by the
software development team but as the project is still in the
design phase, they have not yet necessarily implemented
a graphical engine to enable performance testing. Performance prediction can be useful to (1) further extrapolate the
benchmark performance results for any volume of graphical
data sent to the hardware and (2) reduce the number of
benchmarks required to evaluate various use cases. Going
further, the performance models generated can then be used
to develop a performance-correct hardware simulator that
developers can use on their workstation, in order to have
a general preview of the eﬃcacy of their software, before
executing it on the real system. As this is the case with the
most hardware emulation tools, this reduces the development
costs by facilitating functional veriﬁcation of the system [10].
In this work, we demonstrate two prototype tools that can
be used as a pipeline to evaluate and then predict the performance of graphical hardware. The ﬁrst tool is a benchmark
that can generate and then render custom procedural scenes
according to a set of scene characteristics such as the number
of vertices, size of textures, and more. It evaluates and outputs
the number of frames generated per seconds (FPS). The
second tool takes the output of a certain number of executions
of the benchmark and generates a nonparametric performance model, by using machine learning algorithms on the
performance data. Those performance models can then extrapolate predictions of performance for any dense 3D scene
rendered on this piece of hardware. We evaluated the distribution of prediction errors experimentally to ﬁnd that most
prediction errors will not exceed 4 FPS.
In the rest of the paper, Section 2 presents the main
problems which make inadequate the aforementioned
existing tools for the avionics industry. It also presents the
work related to the various algorithms and methods used by
those standard tools. Section 3 presents the ﬁrst contribution
which is the graphical avionic application benchmarking
tool. Then, Section 4 presents the second contribution which
is the performance model generation tool. Section 5 presents
the experimental method used to evaluate the prediction
power of these models. Section 6 presents analyses and
discusses the achieved prediction error distributions. Finally,
Section 7 provides information for those who would like to
repeat the experiment.

2. Background
Among the diﬀerences between conventional (consumer
market) and avionics graphic hardware development, three
are denoted as especially standing out. The ﬁrst is the use of
OpenGL SC instead of OpenGL ES or the full OpenGL API
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to communicate with the hardware [11]. The second is the
use of a ﬁxed graphics pipeline instead of letting the possibilities of using shaders or custom programs that can be
sent to the graphics hardware to modify the functionalities of
certain areas of the rendering pipeline [12]. Finally, there is
the research interest in the development of DO-254-compliant graphical hardware, in the form of software GPUs,
FPGAs, and CPU/GPU on-a-chip to name a few [2]. The
nature of the hardware is then not necessarily a processor,
and certain metrics speciﬁc to that nature cannot be applied,
such as instruction count. Also, avionics graphical hardware
is usually a very secured black box that cannot be intruded to
actually perform the instruction count metrics on the internal programs. Thus, performance benchmark and prediction tools in an avionics context should account for these
speciﬁcities. By only using the functions available in
OpenGL SC to evaluate the performance of the hardware, we
make sure of the following two points: (1) to use the standard
ﬁxed pipeline that accompanies this version of the API and
(2) to be independent on the nature of the underlying
hardware beyond that interface.
To the best of our knowledge, graphics hardware performance prediction in the avionics context does not exist in
the literature. Looking for methods to closely related ﬁelds
would thus be the best approach. It is then interesting to look
over the literature to ﬁnd the methods that have been used in
a conventional desktop and embedded context. It is also
interesting to widen this review to general computer
hardware and microarchitecture, as well as graphical
hardware performance prediction. Numerous benchmarks
for graphic hardware exist in the conventional context, such
as SPECViewPerf or Basemark [6, 13], to name a few. Even if
they do not satisfy the special problematic of the avionics
needs, their workﬂow can be a source of inspiration. For
example, SPECViewPerf allows users to create a list of tests,
each varying diﬀerent characteristics of the scenes or the
render state, such as local illumination models, culling,
texture ﬁlters, simple, or double buﬀering. It then returns the
average FPS attained during the rendering of the scene for
each test. The use of the average FPS might be more signiﬁcant for the user, but because the FPS distribution is not
normal it loses a lot of statistical signiﬁcance. As for the
performance prediction tools, they tend to be made available
by the graphic hardware manufacturers such as the
NVIDIA Nsight [4] or the AMD GPU PerfStudio [5]. The
problem with these tools is that they are only available for the
desktop and embedded domain and are not adapted to the
needs of avionics, as explained previously. It is still interesting to review the literature to better understand how
those proﬁling tools might work internally. There are three
main approaches to generate models: analytical modeling,
parametric modeling, and machine learning. Analytical
models attempt to create mathematical models that represent performance as a set of functions describing the
hardware. They often use metrics such as instruction count
and properties such as frequency clock of the processor
[14–17]. The main issue with these methods is that they
require a good understanding of the hardware’s inner
workings, which is diﬃcult in an avionics context because
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they are secured black box entities. Also, because of the ﬁxed
pipeline of the graphics card, system engineers cannot obtain
the inner programs operating the pipeline and thus cannot
use analytical metrics such as instruction count. Also, the
literature seems to indicate that it is very diﬃcult to truly
identify all factors inﬂuencing performance and thus to
mathematically model them. However, there is one analytical model that has the potential to be used in an avionic
context. It is a function that estimates the transfer time of
data from the main to the graphic memory [18].
The creation of parametric models implies the use of
parametric regressions such as linear or polynomial regressions. It has been used for microarchitecture and CPU
design-space exploration [19–22], but because we only have
access to the interface of the hardware, it is hard to identify
all the factors inﬂuencing the performance. Thus, these
methods would have diﬃculty to explain most of the variance of the performance data and can then perform poorly.
This is usually solved by using nonparametric regression
models created with machine learning.
Even though there are a large number of machine
learning that can be used to create performance models, we
identiﬁed four algorithms that are mainly used throughout
the literature to generate performance models in the speciﬁc
case of processors, microarchitecture explorations, or parallel applications: regression trees, random forest, multiple
additive regression trees (MART), and artiﬁcial neural
networks. Performance and power consumption prediction
in the case of design-space exploration of general purpose
CPUs has been achieved with random forests [23] and
MART [24, 25]. Regression trees [26] have been used for
performance and power prediction of a GPU. Artiﬁcial
neural networks have successfully been used for performance prediction of a parallelized application [21], but also
for workload characterization of general purpose processors
[27, 28], superscalar processors [29], and microarchitectures
[30]. A variant of the MART method has also been used for
predicting performances of distributed systems [31]. Regression trees are usually less accurate, and its more robust
version, the random forest, is usually preferred. Madougou
et al. [25] used nvprof, a visual proﬁler, to collect performance metrics (cache miss, throughput, etc.) and events of
CUDA kernels running on NVIDIA GPUs. The data are
stored in a database and further used for model building.
This approach seems very promising but cannot be easily
adapted to the needs of avionics, as explained previously.
Another problem with tree-based methods is their low
performance to predict values from predictors out of the
range of the values of the observations used to train them
(extrapolation). Recent work on hybrid models generated
from a mix of machine learning and ﬁrst-principle models
has also yielded good results for similar applications [32–34].

3. Avionics Graphic Hardware
Performance Benchmarking
There are two main steps in the creation of our performance
models. First, a benchmark must be executed to gather
performance data for various scene characteristics. The GPU
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benchmarking consists in itself in the generation of a customizable synthetic 3D scene and in the analysis of the
render time of each frame. Second, performance models are
generated with machine learning from the performance data
obtained in the ﬁrst step. For our experimental purposes, we
add a model validation phase to evaluate the predictive
power of those performance models by comparing the
predictions with the render time of a customizable and
distinct validation 3D scene. Figure 1 presents this dataﬂow.
The remainder of this section will present the requirements
and the implementation of our proposed avionics GPU
benchmarking tool.
Performance data acquisition for a piece of hardware is
achieved with our benchmarking tool as follows. First,
a synthetic scene is generated according to various parameters. Then, the scene is rendered and explored by
following a speciﬁc camera movement pattern. Finally, a last
analysis step is performed to evaluate for each frame the
percentage of the number of vertices of the scene that has
been rendered. We use a study case from an industrial
partner to enable us to enumerate the various characteristics
of graphical data that might have an impact on the rendering
performance of an avionic graphical application. The study
case was a SVS using tile-based terrain rendering.
System performances can be measured in several ways by
test benches. For a 3D graphics system, one of the most
eﬀective methods is to try to reproduce the behaviour of
a real system [35]. Thus, we characterized our industrial
partner’s study case to extract an exhaustive list of all the
graphical features to take into account while implementing
our benchmarking tool. Our tool tests these features one by
one, by inputting a set of values to test per feature. It then
outputs results that give a precise idea of how each graphical
feature impacts rendering performance. The graphical features involved in our industrial partner’s study case and
which we tested in our tool are as follows:
(1) Number of vertices per 3D object (terrain tile)
(2) Number of 3D objects per scene
(3) Size of the texture applied on 3D objects
(4) Local illumination model, either per-vertices (ﬂat) or
per-fragment (smooth)
(5) Presence or absence of fog eﬀect
(6) Dimension of the camera frustum
(7) Degree of object occlusion in the scene
Those parameters follow the hypothesis that the principal factors that would inﬂuence the performances are
directly related to the amount of data sent through the
graphic pipeline. The amount of work required by the
graphic hardware would be in relation to the amount of data
needed to be rendered because of the amount of operations
required to send all these data across the pipeline.
Compared to the list of features tested in a contemporary
graphical benchmark, this set list brings us back to the
beginnings of 3D graphics era. The reason why this list is
made of basic graphic features is because critical graphical
avionic software uses a version of OpenGL which is stripped
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Figure 1: Dataﬂow of the proposed tool in an experimental context.

down to its simplest form: OpenGL Safety Critical (SC) [36].
This simple API was speciﬁcally designed for safety-critical
environments because it is easier and faster to certify.
OpenGL SC was also designed for embedded system limited
hardware resources and processing power.
Nowadays, graphical benchmarks are designed for new
generation graphic cards, game consoles, or smartphones.
These platforms were designed to deliver a gigantic graphical
processing power in a noncritical environment. It is thus
normal that this kind of product has its own set of
benchmarking tools. Basemark ES 2.0 [37] (and now
Basemark ES 3.0 [13]), one of the most popular graphical
benchmarking suite for GPUs used in the mobile device
industry, oﬀers benchmarks that are not suitable for avionics
platforms for several reasons:

®

(1) It uses OpenGL ES 2.0 which is an API too rich and
complex to be a reasonable candidate for the full
development of a certiﬁable driver on safety-critical
platform [12].
(2) Sophisticated lighting methods are tested like perpixel lighting (used to create bump mapping eﬀects),
lightmap (used to create static shadow eﬀects), or
shadow mapping (used to create dynamic shading
eﬀects). Although these lighting methods oﬀer rich
visual eﬀects, they remain pointless within an avionic
context, where rendering accuracy is the main
concern for 3D graphics.
(3) Various image processing eﬀects are tested like tilt
and shift eﬀect, bloom eﬀect, or anamorphic lens
ﬂares eﬀect. More complex lightning models such as
Phong interpolation and particle eﬀects are also
tested (usually by implementing shaders). Once
again, these visual eﬀects will not enhance the accuracy of rendering, and also shaders are not supported in OpenGL SC.
(4) Results and metrics resulting from these kinds of
benchmarks are usually undocumented nebulous
scores. Those scores are useful when we want to
compare GPUs between them, but they cannot be
helpful when system architects want to ﬁgure out if
a particular piece of hardware satisﬁed a graphical
software processing requirement. When designing
a safety-critical system, metrics like GPU’s RAM
loading time (bandwidth, latency), level of image
detail (maximum number of polygons and 3D

objects per scene), and maximum size of textures or
the processing time per frame are much more signiﬁcant data.
Since the current graphical benchmarking tools were not
designed for a safety-critical environment, we thus decided
to implement specialized benchmarking tool for the avionic
industry.
Based on this analysis, from those 7 factors, we divide
a tile-based synthetic scene that would evaluate rendering
performance based on these factors. The benchmark tool
takes a list of “tests” as input. Each test inﬂuences the
generation of the procedural 3D scene by manipulating
a combination of those factors. The output of the benchmark
tool is a ﬁle with time performance according to the inputted
characteristics. Each test is designed to evaluate the performance of the scene rendered by varying one of the
characteristics and keeping ﬁxed every other. Consider, for
instance, the tile resolution test, for each value, the
benchmark will be executed, and a vector of performance
will be outputted. During this test every other characteristics
(e.g., the number of tiles or the size of textures) shall be ﬁxed.
It is important to mention that tile-based scenes are stored as
height maps or even dense 3D scenes, removing the need for
analyzing the number of triangles or faces because it can
always be derived or approximated from the number of
vertices.
3.1. Synthetic Scene Generation. Each tile of our synthetic
scene contains a single pyramidal-shaped mesh. We used
this shape because it can model various ground topography
by varying the height of the pyramid. Furthermore, it enables
the possibility to have an object occlusion when the camera
is at a low altitude and it is oriented perpendicularly to the
ground. Also, this shape is easy to generate from a mathematical model. The remaining of this subsection presents
how the visual components of the procedural 3D scene are
generated and how they help to produce more representative
performance data.
3.1.1. Tiles’ Dimensions. Tiles have a ﬁxed dimension in
OpenGL units, but the number of vertices it can contain can
vary depending on the corresponding benchmark input
value. To simplify the vertices count of our models, we use
a per-dimension count c for the square base of the pyramids,
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meaning that each tile has a resolution of c2 vertices. When
the perspective distortion is not applied, each vertex of the
pyramid is at equal distance of its neighbours in the XZ plane
(Figure 2).
3.1.2. Noise. To further reproduce a realistic ground topography, we add random noise to the pyramid faces to
unsmooth them. The quantity of noise applied is more or less
10% of the height of the pyramids and is only applied to the
Y coordinates (attributed to the height) as shown in Figure 3.
This proportionality helps to keep the general shape of the
pyramid, regardless of its height.
3.1.3. Grid Generation. The grid of tiles is generated
according to the corresponding benchmark input value. As
for the tile resolutions, the grid size is measured as a perdimension value v, meaning that the total grid size is v2 , and
thus the grid has a square shape. In a real context, a LOD
functionality is usually implemented, making farthest tiles
load at a lower resolution and nearest tiles at a full resolution. However, because we evaluate the worst-case execution performance of the hardware, every tile has full
resolution.
3.1.4. Pyramid Height. The height of the pyramids varies
from tile to tile, depending on their position in the tile grid,
but the maximum height will never exceed the quarter of the
length of the scene. This constraint enables the possibility to
have various degrees of object occlusion for the same scene,
depending on the position and orientation of the camera.
Because of the positioning of the camera and the movement
pattern (explained previously), the bigger the tile grid is, the
higher the pyramids are. To obtain consistent scene topologies for each benchmark test, the pyramid height is calculated from the index of the tile in the grid (Figure 4) and is
always a factor of two from the maximum pyramid height.
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(3) High altitude: the whole scene is potentially rendered
with low chances of object occlusions
For each test of a benchmark, the camera position goes
through each of these use cases. To achieve this, the camera
always starts at its maximum height over the tile at the
middle of the grid. The camera then performs a 360 degrees
rotation in the XZ plane, while also varying its inclination
over the Y-axis depending on its height. After each 360
degrees rotation, the camera height is reduced and there are
eight possible values for each test. The inclination angle over
the Y-axis is not constant throughout the various heights
taken by the camera, in order to cover the highest possible
number of viewpoints of the scene. At the maximum height,
the inclination leans towards the edges of the grid, and at the
lowest height the camera points perpendicularly towards the
ground. The camera inclination for every camera height is
calculated with a linear interpolation between the inclinations, at maximum and minimum heights. Overall, each
360 degrees rotation of the camera will yield 32 frames for
a total of 320 frames for each benchmark run.
The camera frustum is created to mimic the one used by
the study case SVS. It implements a 45 degrees horizontal
ﬁeld of view and a vertical ﬁeld of view corresponding to the
4 : 3 ratio of the screen, according to the OpenGL standard
perspective matrix. Also, to maximize the precision of the
depth buﬀer, it is desirable to show a maximum of vertices
with the smallest frustum possible. The last important parameter is to deﬁne the maximum height of the camera. We
set this limit to the value of the length of the scene in
OpenGL units because the scene will be smaller than the size
of the screen passed that length. Thus, the far plane of the
frustum must carefully be chosen in regards of the scene
length as the maximum depth of the scene will most likely
vary accordingly.

3.2. Camera Movement Pattern. According to the case study,
there are three typical use cases for the camera movement
and position patterns:

3.3. Loading Data to the Graphic Memory. To help reduce the
randomness of the performance of the graphics hardware
and due to the internal properties of most rendering
pipelines, we apply the tipsify algorithm [38] to the vertex
index buﬀer before sending it to the graphics pipeline. This
should reduce the average cache miss ratio of the standard
internal vertex program of the ﬁxed pipeline. All the 3D data
is loaded to the graphics memory before beginning the
rendering and the performance timer. Because the scene is
static, no further data need to be sent to the hardware, so the
loading time does not inﬂuence the overall performance.
This would not be the case in a real context, but as presented
in Section 2, the literature presents at least one method to
estimate the inﬂuence of data loading during the rendering
process. If needed, the benchmark tool can return the time
required to load this static data from the main memory to the
graphics memory.

(1) Low altitude: a small percentage of the scene is
rendered with the possibility of much object
occlusions
(2) Midrange altitude: about half of the 3D objects are
rendered with possibly less object occlusions

3.4. Analysis of the Percentage of Scene Drawn. The data sent
to the graphical hardware for rendering usually contain 3D
objects that could be ignored during the rendering process
because they are either unseen or hidden by other 3D

3.1.5. Texture Generation. The OpenGL SC API requires the
use of texture dimensions that are powers of two. For
simplicity, we create RGB-24 procedural textures which
consist of an alternation of white and black texels. For each
vertex of the tile, the texture itself and the texture coordinates are computed before the frame rendering timer
starts. In real cases, this information is normally already
available in some kind of database and not generated in real
time, so it should not be taken into account by the timer
measuring the period taken to draw the frame.
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(a)

(b)

(c)

(d)

Figure 2: Pyramid vertices generated with a c-by-c dimension top facing (a) and front facing (b). Pyramid rendered mesh without added
noise (c) and with added noise (d).

(a)

(b)

(c)

Figure 3: Various intensity of noise depending on the height of the pyramid. Low-noise amplitude (a) to high-noise amplitude (c).

objects, due to their spatial positioning. Thus, culling
methods are commonly used to avoid the rendering of such
objects. These methods are (1) the frustum culling which
ignores the rendering of triangles outside of the camera

frustum, (2) the back-face culling which ignores the rendering of triangles that are facing away from the camera
orientation, and (3) the Z-test which ignores the per-fragment operations such as the smooth lighting.
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Figure 4: Overall generated synthetic scene with pyramids height
varying according to their position in the grid.

As mentioned earlier, the ﬁnal step of the benchmarking
process is the analysis of the percentage of the vertices of the
scene that were used during the rendering process. To do
this, we count the number of vertices that are in the camera
frustum and also that are part of front facing surfaces. We
used a geometric approach by comparing the position of
each vertex with the six planes of the frustum in order to
determine if the vertex is inside it or not. If it is, the next step
is to determine if it is front or back facing. To do this, we ﬁrst
transform the normal of the surface, of which the vertex is
a part, from world-space to camera-space. Then, we compare
the angle between the normal and the camera-space eye
vector, which is a unit vector pointing in the Z-axis. If the
angle is between 90 and 270 degrees, then the vertex is
considered to be front facing. Finally, we can evaluate the
percentage of vertices drawn as the size of the set of vertices
that pass both tests, divided by the total number of vertices in
the scene.
3.5. Rendering Performance Metrics. The performance
metric returned by the benchmark is the instantaneous
frame per second (IFPS), which is measured for each frame
by inverting the time it took to render the frame. It is more
desirable than a moving-average FPS over multiple frames
because we can then apply more specialized smoothing
operations to eliminate further any outliers. On the other
hand, the benchmark uses a vertical sync of twice the
standard North American screen refresh rate: 120 Hz. We
found that not using vertical sync yields a very high rate of
outliers for IFPS greater than 120. Also, using a vsync of 60
FPS may create less accurate models as most of the scene
characteristics will yield the maximum frame rate. Finally, to
ensure the proper calculation of the IFPS for each frame, we
use the glFinish command to synchronize the high resolution timer with the end of the rendering.

4. Avionics Graphic Hardware
Performance Modeling
Performance modeling of 3D scenes by using the characteristics of the latter is challenging because it is hard to take
into account the noise made by random events in the abstracted hardware (processor pipeline stall, branching, etc.).
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The ﬁrst step in the creation of a performance model is to
evaluate which of the benchmark scene characteristics best
explains the variance of FPS. In preliminary tests, we ran the
benchmark by varying the values of one characteristic, while
keeping ﬁxed every other. This is repeated for each characteristic until all of them have been evaluated. We concluded that the size of the grid of tiles and the resolution of
vertices in each tile are the most signiﬁcantly well predicted
characteristics by the machine learning algorithms. The size
of the screen and the size of the texture also contribute to the
variation of the FPS, but they were harder to model using our
method. To predict IFPS in terms of texture sizes and screen
sizes, a distinct performance model must be generated for
each of their combinations, by training it with a subset of
every possible combination of grid size, tile resolution, and
percentage of vertices rendered. This limitation is being
worked on as a future contribution. To generalize tile-based
scenes to dense voxelized scenes without ﬁxed resolutions in
each voxel, the tile resolutions can be replaced by the mean
number of vertices per voxel.
Besides, another key factor in the creation of good
models is the fact that they can be generated eﬃciently
without the need to feed the FPS obtained for every possible
combination of scene characteristics to the learning algorithms. This number has been calculated to be about 58
million combinations of grid size and number of vertices.
Compared to this number, the number of combinations of
texture sizes (10) and of screen sizes (5) is relatively small.
Generating a distinct performance model for each combination of texture and screen sizes would be a more trivial
task, if the number of combinations of grid size, tile resolution, and percentage of vertices rendered could be reduced.
To organize those performance models, we create a threelevel tree, where the ﬁrst two levels represent the combinations of texture and grid size. The third level contains a leaf
pointing to a nonparametric model trained with machine
learning that predicts IFPS in terms of grid sizes and tile
resolutions. Those nonparametric models are created by
feeding the machine learning algorithms with only a small
percentage of the performance of the whole combinations of
grid sizes, tile resolutions, and percentage of vertices, while
keeping ﬁxed the texture and screen size characteristics
according to the leaf parents. The choice of the subset of total
grid sizes and tile resolution combinations to use is chosen
by selecting those inducing the worst-case rendering performance. We run the benchmark only twice by running the
tile resolution and grid size variation tests and by concatenating the output performance vectors of each. The
characteristics evaluated by the benchmark for the training
dataset are shown in Table 1.
4.1. Machine Learning Algorithms Conﬁguration. As stated
in Section 2, three machine learning algorithms are of special
interest for the task of performance prediction in the case of
processors and parallel applications: random forest, MART,
and artiﬁcial neural networks. We oﬀer the comparison
between the predictive powers of nonparametric models
trained with each of these algorithms in order to determine
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Table 1: Values used for the tile resolution grid size tests.

Variation test
Tile
resolution
Grid size

Values of tile
Values of grid size
resolution
7; 9; 13; 17; 21; 25;
25
31; 37; 45
25
7; 9; 13; 17; 21; 25; 31; 37; 45

which one is the most suited for this application. We chose
those algorithms to reﬂect the previous work of the scientiﬁc
programming community as we felt they would be the best
ﬁt for GPU prediction. Other machine learning methods are
present in the literature such as Bayesian networks and
gradient boosting machines, to name a few, but have not
been considered in the current experiment. Each of these
algorithms has to be conﬁgured before its use: the number of
hidden layers and the number of nodes per layers in the
artiﬁcial neural networks, the number of bootstrapped trees
in the case of random forest, or the number of weak learners
in the case of MART. Most of the time, there is no single
optimal parameter. It usually takes the form of a range of
values. These ranges were found during preliminary experimentation and are given in Table 2. In the case of artiﬁcial neural networks, we used a multilayer feedforward
perceptron trained with backpropagation based on the
Levenberg–Marquardt algorithm. We also try to improve
the problem generalization and reduce overﬁtting by using
early stopping methods and scaling the input performance
values in the range [−1, 1]. Early stopping methods consist in
stopping prematurely the training of the neural network
when some conditions are met. It can be after a certain
number of epoch (1000 in our case), when the performance
metric has reached a certain threshold (mean squared error
is 0.0). But the most commonly used early stopping method
is to divide the training dataset in two subsets: a training
subset (70% of the initial dataset) and a validation subset
(remaining 30%). After each epoch, the neural network
makes predictions using the validation dataset and training
is stopped when those predictions are accurate enough (e.g.,
error metric between the prediction and the predicted value
is lower than a certain threshold).
Because of the random nature of the optimality of
a parameter value, we create three performance models for
each machine learning algorithm. The ﬁrst model uses the
lowest parameter value, the second model uses the middle
range one, and the last model uses the upper one. During the
validation phase, we retain the model which yields the lowest
prediction error.
4.2. Performance Data Smoothing. The performance data
output by the benchmark itself is randomly biased because it
cannot explain some of the variance of IFPS, which can vary
even for scenes with similar characteristics. The fact that we
only analyze the input and output of a graphical hardware
black box partially explains the variance because many internal factors can inﬂuence the output for the same input:
cache misses ratio, processor instruction pipeline, and instruction branching unpredictability to name a few. Because

Table 2: Parameters for the machine learning algorithms used.
Algorithm

Parameter nature
Optimal range
Number of hidden layers
1
Artiﬁcial neural
Number of nodes in
network
[5; 15]
the hidden layer
MART
Number of weak learners
[500; 1000]
Random forest Number of bootstrapped trees
[50; 150]

the program running on the hardware is ﬁxed, we can assume that these factors are not enough random to make the
analysis of input/output unusable for performance prediction. To reduce this noise in the benchmark output data,
we apply an outlier-robust locally weighted scatterplot
smoothing. This method, known as LOESS, requires larger
datasets than the moving average method but yields a more
accurate smoothing. Similar to the moving average method,
this smoothing procedure will average the value of a data
point by analyzing its k-nearest points. In the case of the
LOESS method, for each point of the dataset, a local linear
polynomial regression of one or two degrees is computed
with their k-nearest points, by using a weighted least square
giving more importance to data points near the analyzed
initial point. The analyzed data point value is then corrected
to the value predicted by the regression model. More information is available in [39]. In our case, the k-nearest
points correspond to the IFPS of the 6 frames preceding and
the 6 frames following the analyzed frame. The use of the knearest frames is possible because the characteristics of the
scene between adjacent frames are spatially related. This can
be generalized to most graphical applications because the
movement of the camera is usually continuous.
4.3. Quantifying Scene Characteristics Equivalency. To further help the machine in the performance modeling, we
transform the output format of the benchmark (IFPS in
terms of the number of points, scene or grid size, and
percentage of scene drawn), into a format that is more
similar to the scene characteristics that will be given by the
system designer (IFPS in terms of the number of points and
scenes or grid size). Also, the tool can be more easily used if
the percentages of scene drawn parameter could be omitted:
to have to choose a percentage of scene drawn when querying the tool for predictions might lead to confusion. Thus,
it is necessary to internally ﬁnd a proportionality factor that
can help evaluate the equivalency of performance between
various points in the training data. The basic assumption is
that the IFPS of a scene drawn with a certain set of characteristics (IFPS1 ) will be somewhat equivalent to the IFPS of
the same scene drawn with another set of characteristics
(IFPS2 ) if the characteristics of both scenes follow a certain
proportionality. The ﬁrst characteristic in this case is the size
of the scene without accounting for depth: (v1 for the ﬁrst set
of characteristics and v2 for the other) either in OpenGL
units or in the size of the grid of voxels or tiles in the case of
tile-based applications. The other characteristic is the tile
resolutions in each tile or voxel c1 and c2 . As mentioned
earlier, those concentrations and those sizes in the case of
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our benchmark are expressed as a per-dimension value.
Thus, they are always equal in 2D (length and width). For
simplicity, we use the following notation:
ci � c2widthi � c2depthi ,

(1)

vi � v2widthi � v2depthi .

(2)

and

c1 v1
∝ .
c2 v2

(3)

Considering that a scene drawn at a certain percentage
p1 with a set of characteristics, then v1 represents the fraction
of the total v2 area that is drawn as
v1 � p1 ∗ v2 .

#pointsDrawn � p1 ∗ #totalNumberOfPoints,

(4)

In this case, since v1 and v2 are taken from the same
scene, we have c1 � c2 . Therefore,
v1
c
� p1 ∗ 1 ,
(5)
v2
c2
where p1 is the proportionality factor.
This example uses a single scene with a single set of
characteristics to help ﬁnd the proportionality factor, but the
formula can also be used to compare scenes with diﬀerent
initial characteristics, which is a powerful metric for extrapolation. During the design of the typical use case of our
tool, we assumed that the designer would want to request
a performance estimation of the rendering of the scene when
it is entirely drawn, and not just drawn at a certain percentage
(worst-case scenario). A way had to be found to use the p1
factor during the training phase, but to remove the need to use
it in the performance queries, once the model is generated.
From equation (5), we obtain
c
c
p1 ∗ 1 � 2 .
(6)
v1 v2
Then, we found that the machine learning can create
slightly more precise models if p1 is expressed in terms of the
concentration of triangles instead of in terms of the concentration of vertices. Considering that in our tile-based
application the number of facesPerTile is obtained as follows:
√�
(7)
#facesPerTile � ( c − 1)2 ∗2.
From the proportionality function (6) and from (7), we
deduce
2
2
√��
√��
 c1 − 1 ∗ 2  c2 − 1 ∗ 2
(8)
p1 ∗
�
� K.
v1
v2
The left part of equation (8) can be obtained by the scene
characteristics, and the benchmark output performance
metrics provide a value K which in turn allows to ﬁnd values
for c2 and v2 . We are thus capable of obtaining approximately equal IFPS values between that scene rendered with
c2 and v2 at 100% and the same scene drawn with c1 and v1 at
p1 percent. The machine learning algorithms are then

(9)

and
#totalNumberOfPoints � c1 ∗ v1 .

It implies that
IFPS1 ≈ IFPS2 ⇔

trained with a vector containing a certain number of tuples
(IFPS in terms of K and the number of points drawn) where

(10)

The designer can then create a prediction query by inputting K and the number of points he desires to render
without having to mind about a percentage of scene drawn
p1 . The tool would then output an IFPS prediction for the
input parameters.
4.4. Identifying the Percentage of Space Parameters Evaluated.
The best way to predict the performance would be to
evaluate the rendering speed of the scene with every combination of characteristics. In this case, we would not even
need to create nonparametric models, but this could require
the evaluation of millions of possibilities, ending in way too
long computation times (about a year). This performance
prediction tool thus evaluates a very small subset of all those
combinations in reasonable time (about half an hour). In the
following, we determine the percentage of the number of
combinations that our tool needs to evaluate.
Given:
(i) nscreen � {640 × 480, 800 × 600, 1024 × 768, 1152 ×
864, 1920 × 960}, the discrete number of studied
screen sizes
(ii) ntexture � x ∣ x � 2i ∧ 1 ≤ i ≤ 10 ∧ x ∈ N, the set of
studied texture sizes
(iii) nvertices � {x ∣ 1 ≤ x ≤ 1,300,000 ∧ x ∈ N}, the set of
all possible quantity of points
(iv) ngrid � x2 ∣ 1 ≤ x ≤ 45 ∧ x ∈ N, the set of studied
tile grid sizes such that each tile has the same size in
OpenGL coordinates
We generalized the concept of tile-based scenes for any
dense scene by removing the tile resolution concept and
replacing it by the concentration of any number of vertices
lower than 1,300,000 divided by any grid size in ngrid . We
chose this maximum number of vertices and also this
maximum grid size arbitrarily as it should cover most data
volumes in most of the hardware use cases. We can then
evaluate the total number of combinations of characteristics
inﬂuencing the density of points for every studied screen and
texture sizes NTotal as
 
 
 


NTotal � nvertices  ∗ ngrid  ∗ nscreen  ∗ ntexture  � 2,925,000,000.
(11)
The tool then needs only to test a small fraction of all
those combinations to produce adequate performance
models. As mentioned earlier, the tool only needs to run two
tests of the benchmark to construct adequate models for
a ﬁxed screen and texture size. Each test is conﬁgured
initially to execute the benchmark with nine varying test
parameters as shown in Table 1.
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Given:
(i) NTool , the total number of combinations of characteristics analyzed by the tool
(ii) STrainingSet � 5760, the size of any training dataset
output by the benchmark for a grid size and tile
resolution test with ﬁxed texture and screen size
which corresponds to the number of frames rendered for both tests of the benchmark

We then suppose that each frame rendered during the
benchmarking represents one unique combination of those
billions and ﬁnd the number of combinations tested by the
tool NTool as
NTool � STrainingSet ∗ nscreen ∗ ntexture � PTrainingSet ∗ 288,000.
(12)
The tool is then guaranteed to train successful models by
using only about 0.0098% of the total combinations of
characteristics.

5. Prediction Error Evaluation
This section presents the experimental setup and also the
experimental considerations used to validate the predictive
power of the performance model.
5.1. Experimental Setup. We used a Nvidia QuadroFX570,
a graphic card model which should have consistent performance with the current avionic hardware. Since OpenGL
SC consists of a subset of the full OpenGL API’s functions
and that this subset of functions is very similar to the
OpenGL ES 1.x speciﬁcation, we worked around the absence of
an OpenGL SC driver by using an OpenGL ES 1.x simulator
which transforms the application’s OpenGL ES 1.x function calls
to the current installed drivers which is OpenGL. A meticulous
care has been taken to make sure to use only functions available
in the current OpenGL SC speciﬁcation with the exception of
one very important method, named vertex buﬀer objects.
The experiment begins in the training phase with the
generation of the performance models as presented in
Section 4. The prediction power of those models is then
validated during the validation phase for which an industrial
scene is benchmarked many times with varying characteristics. Those performances are then compared to the predictions generated by the models. The following sections
explain this validation phase in detail.
5.2. Performance Model Validation. To validate the performance model created, we used a 3D scene from the World
CDB representing a hilly location in Quebec, Canada. The
scene was subsampled to various degrees to enable the
validation of the model at various resolutions. The models
were ﬁrst validated for their interpolation predictive power
by comparing the predictions with the validation scene
rendered with characteristics similar to the ones used to train
the models. The models were then validated for their extrapolation predictive power with the same method but by

rendering the validation scene with characteristics untreated
during the model training. It is also important to select well
those characteristics in order to produce scenes that are not
too easy to render. Because it is easier for the models to
predict the maximum V-synced FPS, the validation scene
characteristics should be selected in a way that makes the
rendering operations generate various percentages of frames
drawn with maximum IFPS. We analyzed the inﬂuence of
having about 0%, 50%, or 100% of frames in the dataset
drawn with maximum IFPS. As with the synthetic scenes,
the whole validation scene is loaded in graphic memory
prior to rendering the scene. Therefore, the loading time is
not taken into account during the FPS calculation.
To validate a model, the benchmark is executed, but
instead of displaying the usual synthetic scene, it renders
the one from the World CDB subsampled according to the
various parameters shown in Table 3. Figure 5 shows an
example of the rendering of a CDB tile in our application at
various resolutions. The output of the validation dataset is
then smoothed in the same way as the training dataset. The
size of each dataset is 5760 observations and is closely
related to the number of frames produced by each run of
the benchmarking tool from Section 3 (320 frames per
run).
We then compare the smoothed instantaneous FPS of
each frame to the predicted ones with the following metrics.
5.3. Metric Choice and Interpretation. The choice of a metric
to evaluate the prediction errors is still subject to debate in
the literature [40]. Especially in the case of models generated
with machine learning, the error distribution are rarely
normal-like and thus more than one metrics are commonly
used to help understand and quantify the central tendency of
prediction errors. We use the mean absolute prediction error
MAE presented in equation (9) and also the rooted-meansquared prediction error RMSE presented in equation (10).
To conform to the literature, we also give the MAE in terms
of relative prediction errors PE presented in equation (13).
Because the error distributions will be most likely not
normal, we also give the median error value which could
yield the most signiﬁcant central tendency. This last metric
contribution to the understanding of the distribution is to
indicate that 50% of the prediction errors are lesser than its
value.
MAE �


1 n  
FPSi − FPSi ,
n i�1

���������������������

n
1
 i − FPSi 2 ,
RMSE �
 FPS
(n − 1) i�1


 i − FPSi 
1 n FPS
PE � 
∗ 100%,
FPSi
n i�1

(13)

(14)

(15)

 i is the i-th prediction, FPSi is the i-th measured
where FPS
value, and n is the number of prediction/measurement pairs.
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Table 3: Values of the World CDB scene characteristics.

Dataset

Name Varied parameter
#1
#2
#3
#4

Validation (CDB scene)

Grid size
Grid size
Tile resolution
Tile resolution

% of frames with
maximum IFPS
25
7; 9; 13; 17; 21; 25; 31; 37; 45
44.38
17
7; 9; 13; 17; 21; 25; 31; 37; 45
44.51
7; 9; 13; 17; 21; 25; 31; 37; 45
25
0%
7; 9; 13; 17; 21; 25; 31; 37; 45
17
100%
Tile resolution

(a)

(b)

Grid size

(c)

Figure 5: Mesh and normals of one tile of the validation scene sampled at a resolution of 9 × 9 (a), 19 × 19 (b), and 31 × 31 (c) shown before
applying the randomized texture.

6. Results
Results (e.g., Figures 6–9) show that the prediction errors do
not follow a normal distribution, but even though there is
some skewness in them, they still retain a half-bell like
appearance. The most adequate central tendency metric is
thus the median. Furthermore, the artiﬁcial neural network
has a better prediction than the two other algorithms most of
the time, followed closely by random forest. Table 4 shows
that the gap between the median prediction errors of both of
these algorithms never exceeds 1 FPS. On the other hand, the
MART method performed poorly on all datasets with a gap
of up to about 12 FPS. Also, the performance models trained
with artiﬁcial neural networks made quite good predictions
in an interpolation and extrapolation context, as shown by
the central tendencies of errors of all validation datasets
confounded. Another explanation for the low performance
of the tree-based methods comes from the fact that they do
not perform well for extrapolation as mentioned in Section 2.
The central tendency gap between those two sets never
exceeds 4 FPS in this experiment. By analyzing the maximum absolute prediction error of most datasets, we see that
there is a small chance that a very high prediction error is
produced. These high errors can be as high as 43 FPS in the
third dataset. Even though the general accuracy of the model
is pretty good, the precision can be improved. Hopefully, the
mode of each error distribution is always the ﬁrst bin (range
of values) of the histogram, which means that the highest
probability of a prediction error is always the lowest error.

7. Discussion
Figure 10 somehow illustrates why parametric modeling
would perform poorly as it would be hard to assume a geometric relationship between the IFPS and the predictors.

Preliminary work also demonstrated the ineﬃciency of those
methods, and thus they were not included in this work.
Because there is a very small chance (less than 1%) that
a prediction might have a high error, the ﬁnal prediction
oﬀered by the tool for a combination of characteristics
should be a weighted average or a robust local regression of
a small set of performance with similar scene characteristics,
in order to help reduce the inﬂuence of these prediction
outliers. Also, the scene used to train and validate our
models are all dense, and thus our experiment cannot imply
any signiﬁcance for sparse scenes. But, as most graphical
applications in an avionics context uses dense scenes, this
should not be a major issue.
We also do not use fog eﬀects in our tools which is
a feature that could be used in a real industrial context as this
feature will be part of next releases of OpenGL SC.
On the other hand, because of the high costs of avionics
hardware, we had to abstract desktop graphic hardware
behind an OpenGL ES 1.x environment to simulate an
OpenGL SC environment which might weaken the correlation of our results to the ones that would be obtained with
real avionics hardware. Related to this issue, we used
standard desktop graphics hardware for the same reason.
The presented method has been developed to abstract the
nature of the hardware underlying the API, and the use of
full-ﬂedged avionics graphics hardware would improve the
credibility of the results. However, this does not mean that
our method would work for any use case of standard desktop
graphics hardware. It has been designed for the speciﬁc
problematic of the avionics industry: ﬁxed graphics pipeline,
use of OpenGL SC (or equivalent), and abstraction of the
underlying hardware. This is fundamentally the opposite of
the average desktop graphics hardware use case.
We also used only one validation scene subsampled
into four distinct scenes. It could be of interest to reproduce
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Table 4: Central tendencies of the prediction error distributions for each machine learning algorithm and for each validation dataset.
Validation dataset name
#1

#2

#3

#4

Relative prediction Mean absolute prediction Median absolute prediction
Supervised learning
RMSE (FPS)
error (%)
error (FPS)
error (FPS)
algorithm
Random forest
2.71
2.12
1.36
0.45
MART
9.37
10.15
6.85
4.86
Neural net
2.29
1.99
1.26
0.50
Random forest
10.87
8.74
5.85
2.06
MART
16.53
17.65
12.16
10.39
Neural net
7.90
8.50
5.16
3.51
Random forest
5.94
5.98
4.10
2.79
MART
9.99
10.60
7.51
6.15
Neural net
2.97
3.03
2.39
2.13
Random forest
15.80
9.12
10.94
3.98
MART
30.20
18.78
22.53
15.02
Neural net
4.02
2.58
3.10
3.01

Figures 6–9 present the error distribution of each nonparametric performance model for the four validation scenes.
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Figure 8: Prediction error distribution of the validation dataset #3
for the artiﬁcial neural network.
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Figure 10: Comparison between unsmoothed (a) and smoothed (b) performance data.

the experiment with a bigger dataset of dense scenes.
Considering our results as reproducible, the prediction errors made by our tool would be low enough for industrial
use. Otherwise, we conﬁrm that the central tendency of our
prediction error distributions is similar to the ones presented
in the literature, when these methods are applied to other
kinds of hardware or software performance predictions.

8. Reproducing the Results
As our method includes two important experimental steps:
dataset generation and machine learning, we foresee that the
reader may want to reproduce experimentally either one or
both of these experimental steps by using our dataset or by
regenerating their own datasets to train the neural network.
To generate our training dataset, we used our procedurally generated 3D scenes. The reader may either want to
create its own rendering tool following our speciﬁcations or
we could make the C++ code available [41]. To generate the
validation dataset, we rendered a private 3D scene, not
available to the public, but any 3D scene consisting of
a rendered height ﬁeld could be used instead. We provide
our raw datasets [41], more precisely the performance data
generated by our tool for both 3D scenes, raw and
unsmoothed.
Using our datasets or with a dataset generated by a third
party, the actual training of performance models can be
reproduced. The reader will have to smooth the data as
described using the LOESS algorithm and use the Matlab
Curve Fitting Toolbox to achieve this. Then, the reader will
have to generate the performance models with the Neural
Network ToolBox. Our Matlab code could also be made
available [41].

these tools as none other are available in the literature. Also,
the performance prediction errors were shown to be reasonably low, thus demonstrating the eﬃcacy of our method.
Future work will include the development of a performance-correct simulator for avionics graphics hardware and
also the addition of other scene characteristics like fog eﬀects
or antialiasing in the performance models. Also, it is of
interest to evaluate the possibility to enhance our modeling
by using Bayesian networks, gradient boosting machines,
and hybrid models made from machine learning. Finally, we
plan to automate more our processes and then experiment
diﬀerent use cases and parameters. This will help us to
determine with more precision the upper bound of the cost
reduction.

Data Availability
The data that support the ﬁndings of this study not available
in [41] can be obtained from the corresponding author upon
reasonable request.
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9. Conclusion
We have presented a set of tools that enable performance
benchmarking and prediction in an avionics context. These
were missing or not oﬀered in the literature. We believe that
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Cross-lingual plagiarism occurs when the source (or original) text(s) is in one language and the plagiarized text is in another
language. In recent years, cross-lingual plagiarism detection has attracted the attention of the research community because a large
amount of digital text is easily accessible in many languages through online digital repositories and machine translation systems
are readily available, making it easier to perform cross-lingual plagiarism and harder to detect it. To develop and evaluate crosslingual plagiarism detection systems, standard evaluation resources are needed. The majority of earlier studies have developed
cross-lingual plagiarism corpora for English and other European language pairs. However, for Urdu-English language pair, the
problem of cross-lingual plagiarism detection has not been thoroughly explored although a large amount of digital text is readily
available in Urdu and it is spoken in many countries of the world (particularly in Pakistan, India, and Bangladesh). To fulﬁll this
gap, this paper presents a large benchmark cross-lingual corpus for Urdu-English language pair. The proposed corpus contains
2,395 source-suspicious document pairs (540 are automatic translation, 539 are artiﬁcially paraphrased, 508 are manually
paraphrased, and 808 are nonplagiarized). Furthermore, our proposed corpus contains three types of cross-lingual examples
including artiﬁcial (automatic translation and artiﬁcially paraphrased), simulated (manually paraphrased), and real (nonplagiarized), which have not been previously reported in the development of cross-lingual corpora. Detailed analysis of our
proposed corpus was carried out using n-gram overlap and longest common subsequence approaches. Using Word unigrams,
mean similarity scores of 1.00, 0.68, 0.52, and 0.22 were obtained for automatic translation, artiﬁcially paraphrased, manually
paraphrased, and nonplagiarized documents, respectively. These results show that documents in the proposed corpus are created
using diﬀerent obfuscation techniques, which makes the dataset more realistic and challenging. We believe that the corpus
developed in this study will help to foster research in an underresourced language of Urdu and will be useful in the development,
comparison, and evaluation of cross-lingual plagiarism detection systems for Urdu-English language pair. Our proposed corpus is
free and publicly available for research purposes.

1. Introduction
In cross-lingual plagiarism, a piece of text in one (or source)
language is translated into another (or target) language by
neither changing the semantics and content nor referring
the origin [1, 2]. Cross-lingual plagiarism detection is a
challenging research problem due to various reasons. Firstly,
machine translation systems are available online free of cost
such as Google Translator (https://translate.google.com/) to

translate a document written in one language into another
language. Secondly, the Web has become a hub of multilingual resources. For example, Wikipedia contains articles in
more than 200 languages on same topics (http://en.wikipedia.
org/wiki/wikipedia Last visited 10-02-2019). Thirdly, people
might be often interested to write in another language which
is diﬀerent from their native language. Consequently, all these
factors contribute to an environment, which makes it easier to
commit cross-lingual plagiarism and diﬃcult to detect it.

2
The task of plagiarism can be broadly categorized into
two categories [3]: (1) intrinsic plagiarism analysis and (2)
extrinsic plagiarism analysis. In the former case, a single
document is examined to identify plagiarism in terms of
variation of an author(s)’s writing style. The fragment(s) for
text which is signiﬁcantly diﬀerent from other fragments in a
document is a trigger of plagiarism. Mostly stylometricbased features are modeled to detect such plagiarism. In the
latter case, we are provided with a document which is
suspected to contain plagiarism (suspicious document) and
source collection. The aim is to identify fragments of text(s)
in the suspicious document which are plagiarized and their
corresponding source fragments from the source collection.
Extrinsic plagiarism can be further divided into (1)
monolingual–both source and plagiarized texts are in the
same language and (2) cross-lingual plagiarism–source and
plagiarized texts are in diﬀerent languages. In case of crosslingual plagiarism, a source text can be translated either
automatically or manually, and after translation, it can be
either used verbatim or rewritten for plagiarism [4].
To develop and evaluate Cross-Lingual Plagiarism Detection (CLPD) methods, standard evaluation resources are
needed. Majority of CLPD corpora are developed for English, European, and some other languages (http://www.
webis.de/research/corpora-Last-visited-10-02-2019). In addition, none of the existing cross-lingual corpus contains a
mix of artiﬁcial, simulated, and real examples, which is
necessary to make a realistic and challenging corpus. The
problem of CLPD has not been thoroughly explored for
South Asian languages such as Urdu, which is a widely
spoken by a large number of people around the globe. Urdu
is the ﬁrst language of about 175 million people around the
world and particularly spoken in Pakistan, India, Bangladesh, South Africa, and Nepal (http://www.ethnologue.com/
language/urd, last visited: 20-02-2019). It is written from
right to left like Arabic script. Urdu language usually follows
Nastalique writing style [5]. However, Urdu is an underresourced language in terms of computational and evaluation resources.
The main objectives of this study are threefold: (1) to
develop a large benchmark cross-lingual corpus for UrduEnglish language pair, which contains a mix of artiﬁcial,
simulated, and real examples, (2) to carry out linguistic
analysis of the proposed corpus to get insights into the edit
operations used in cross-lingual plagiarism, and (3) to carry
out detailed empirical analysis of the proposed corpus using
n-gram Overlap and Longest Common Subsequence approaches to investigate whether the documents in the corpus
are created using diﬀerent obfuscation techniques. There are
total 2,398 source-suspicious document pairs in our proposed corpus. Source documents are in Urdu language, and
suspicious ones are in English. The source-suspicious document pairs are categorized into two main categories: (1)
plagiarized (1,588 document pairs) and (2) nonplagiarized
(810 document pairs). The plagiarized documents are created using three obfuscation strategies: (1) automatic
translation (540 document pairs), (2) artiﬁcial paraphrasing
(540 document pairs), and (3) manual paraphrasing (508
document pairs). The documents in our proposed corpus are
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from various domains including Computer Science, Management Science, Electrical Engineering, Physics, Psychology, Countries, Pakistan Studies, General Topics, Zoology,
and Biology, which makes the corpus more realistic and
challenging. We also carried out linguistic and empirical
analysis of our proposed corpus.
Our proposed corpus will be beneﬁcial for (1) fostering
and promoting research in a low resourced language—Urdu,
(2) enabling us to make a direct comparison of existing and
new CLPD methods for Urdu-English language pair, (3)
developing and evaluate new methods for CLPD for UrduEnglish language pairs, and (4) developing a bilingual UrduEnglish dictionary using our proposed corpus. Furthermore,
our proposed corpus is free and publicly available for research purposes.
The rest of this paper is organized as follows: Section 2
summarizes the related work on existing corpora for CLPD.
Section 3 describes the corpus generation process, including
source documents collection, levels of rewriting, creation of
suspicious documents, and standardization of the corpus.
Section 4 presents the linguistic analysis of our proposed
corpus. Section 5 presents a deeper empirical analysis of the
corpus. Finally, Section 6 concludes the paper.

2. Related Work
In the literature, eﬀorts have been made to develop
benchmark corpora for CLPD. One of the prominent eﬀorts
is the series of PAN (http://pan.webis.de/, last visited: 20-022019) (a forum of scientiﬁc events and shared tasks on digital
text forensic) competitions. A number of frameworks for
cross-lingual plagiarism evaluation are also proposed by
researchers for this forum [6, 7]. The main outcome of these
competitions is a set of benchmark corpora for mono- and
cross-lingual plagiarism detection. The majority of plagiarism cases, in these corpora, are monolingual (90%), and
remaining 10% are cross-lingual such as English-Persian and
English-Arabic and other language pairs. Almost 80% of
cross-lingual plagiarism cases, in these corpora, are generated using automatic translation, and the rest are generated
using manual translation. PAN cross-lingual corpora have
been developed for two language pairs: English-Spanish and
English-German.
The relevant literature presents a number of benchmark
CLPD corpora for languages like Indonesian-English [8],
Arabic-English [9], Persian-English [10], and English-Hindi
[11]. Developing such a resource for especially underresourced languages is an active research area [12, 13]. Parallel corpora have also been developed and used in [14] for the
automatic translation purpose in cross-lingual domain. CLPD
systems based on these corpora and other approaches are also
proposed in the literature [15]. Most of these approaches used
syntax-based plagiarism detection methods, but at the same
time, semantic-based plagiarism detection approaches were
also applied for the purpose. Savador et al. used semantic
plagiarism detection approach using the graph analysis
method for cross-language plagiarism detection. It is a
language-independent model for plagiarism detection applied
to the Spanish-English and German-English domains [16].
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Cross Language Indian Text Reuse (CLITR) task has
been designed in conjunction with Forum for Information
Retrieval Evaluation (FIRE) to detect cross-lingual plagiarism for English-Hindi language pair. The corpus is divided
into training and test segments in which source documents
are in English and suspicious documents are in Hindi.
The training and test collection both include 5032 source
ﬁles in English while 198 suspicious ﬁles in training and 190
suspicious ﬁles are in Hindi (http://www.uni-weimar.de/
medien/webis/events/panﬁre-11/panﬁre11-web/, last visited:
20-08-2018). Corpora have also been developed for performance evaluation of cross-language information retrieval
(CLIR) systems [17], while Kishida [18] raised technical
issues of this domain. Moreover, diﬀerent plagiarism detection tasks like text alignment and source retrieval are
designed based on these corpora’s, and overview of these
tasks are being consistently (yearly) been published by
PAN@ CLEF forum [19, 20].
The JRC-Acquis Multilingual Parallel Corpus has been
used by Potthast et al., to apply CLPD approaches. As many
as 23,564 parallel documents are constructed in the corpus
that is extracted from legal documents of European Union
[21, 22]. Out of 22 languages in legal document collection,
only 5 including French, Germen, Polish, Dutch, and
Spanish were selected to generate source-suspicious document pair (English language was used as source language).
Comparable Wikipedia Corpus is another dataset used for
the evaluation of CLPD methods. The corpus contains
45,984 documents.
Benchmark cross-lingual corpora have been developed
using two approaches: (1) automatic translation and (2)
manual translation. PAN corpora are created using both
approaches for English-Spanish and English-German language pairs. However, the majority of cross-lingual cases are
generated using automatic translation, and only a small
number of them are generated using manual translation.
CLITR Corpus is generated using both automatic and
manual translations: Near copy/exact copy documents are
created using automatic translation, whereas heavy revision
(HR) documents are created using manual paraphrasing of
automatic translations of source texts. Again, this corpus
only contains 388 suspicious documents, and it is created for
English-Hindi language pair.
Two cross-lingual corpora used in plagiarism detection
task are (1) JRC-EU Corpus and (2) Fairy Tale Corpus
[21, 22]. JRC-EU cross-lingual corpus consists of randomly
extracted 400 documents from the legislation reports of
European Union which includes 200 English source documents and 200 Czech documents. Fairy-tale corpus contains
54 documents: 27 in English and 27 in Czech. Ceska et al.
also used these corpuses for CLPD task [23].
In a previous study, we developed a corpus for the PAN
2015 Text Alignment task (we named it CLUE Corpus) [24].
In that corpus, there are total 1000 documents (500 are
source documents and 500 are suspicious documents).
Among the suspicious collections, 270 documents are plagiarized using 90 source-plagiarized fragment pairs, while
the remaining 230 suspicious documents are nonplagiarized.
Note that this corpus contains simulated cases of plagiarism,
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which were inserted into suspicious document to generate
plagiarized documents. The CLUE Corpus can be used for
the development and evaluation of CLPD systems for
English-Urdu language pair for the text alignment task only
as described by PAN organizers.
To conclude, the relevant literature presents the majority
of CLPD corpora for English and other European languages.
Moreover, these are mainly created using comparable documents, parallel documents, and automatic translations, which
are not realistic examples for cross-lingual plagiarism. This
study contributes a large benchmark corpus (containing 2,398
source-suspicious document pairs) for CLPD in Urdu-English
language domain. Note that the 270 fragment pairs used in the
development of CLUE Corpus are also included in this corpus.

3. Corpus Generation
This section describes the process for construction of a
benchmark corpus for CLPD for Urdu-English language
pair (hereafter called CLPD-UE-19 Corpus) including collection of source texts, levels of rewrite used in creating
suspicious documents, creation of suspicious documents,
and standardization of corpus and corpus characteristics.
3.1. Collection of Source Texts. Urdu is an underresourced
language as large repositories of digital texts in this language
are not readily available for the research purposes. Urdu
newspapers in Pakistan mostly publish news stories in images
format which is not suitable for text processing. Therefore, to
collect realistic, high-quality, and diversiﬁed source articles
for generating CLPD-UE-19 Corpus, we selected Wikipedia1
as a source. Wikipedia is a free and publicly available,
multitopic, and multilingual resource. Initially, Wikipedia
contains an article in multiple languages which makes it
possible to be considered as a comparable corpus. AJ Head
investigated the potential use of Wikipedia for course-related
search by students [25]. Martinez also investigated the cases
where Wikipedia is mainly used for copy and paste plagiarism
cases [26]. Wikipedia articles are taken as source documents
for generating cross-lingual plagiarism detection corpus for
Hindi-English language pair [27].
Plagiarism is a serious problem, particularly in higher
educational institutions [28–31]. Therefore, CLPD-UE-19
Corpus focuses on plagiarism cases generated by university students. Table 1 shows the domains from which
Wikipedia (http://ur.wikipedia.org/wiki/urdu) source articles are collected to generate CLPD-UE-19 Corpus. Apart of
it, 270 source-suspicious document pairs were used in the
creation of the CLUE Corpus [24].
These domains include Computer Science, Management
Science, Electrical Engineering, Physics, Psychology, Countries, Pakistan Studies, General Topics, Zoology, and Biology.
As can be noted, these articles are on a wide range of topics,
which makes the CLPD-UE-19 Corpus more realistic and
challenging.
The amount of text reused for creating a plagiarized
document can vary from a phrase, sentence, and paragraph
to the entire document. It is also likely that to hide
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Table 1: Domains from which Wikipedia source articles were
selected in creating our proposed CLPD-UE-19 Corpus.
Domain

Major topics
Free software, binary numbers, open source,
database normalization, robotics, artiﬁcial
intelligence, MSN, Google, Yahoo,
Computer science
WhatsApp, Android, Facebook, Twitter,
RUBY language, daily motion, HTML,
mobile apps, Gmail, Skype, and others
Globalization, muhammad iqbal, global
warming, capitalism, mosque, bookselling,
General topics
Pakistan air force, cricket, fashion, Lahore
Fort, capitalism, Badshahi Masjid, and twonation theory
Electrical
Electricity, magnetism, and conducting
engineering
materials
Management
Trade and ﬁnance
science
Physics
Atoms and scientists
Neurology, psycho diseases, and
Psychology
enlightenment
Politics and trade of diﬀerent countries
Countries
(mostly African)
Pakistan studies
History of Pakistan and Indo-Pak partition
Zoology
Animals, food, and living styles
Biology
Natural organisms, living cells, and DNA

plagiarism, a plagiarist may reuse the texts of diﬀerent sizes
from diﬀerent sources. Therefore, the size of source documents is varied. The length of a source text may fall into one
of the three categories: (1) small (1–50 words), (2) medium
(50–100 words), and (3) large (100–200 words).
3.2. Levels of Rewrite. The proposed corpus contains two
types of suspicious documents: (1) plagiarized and (2)
nonplagiarized. The details of these are as follows.
3.2.1. Plagiarized Documents. A plagiarized document in
CLPD-UE-19 Corpus falls into one of the three categories:
(1) automatic translation, (2) artiﬁcially paraphrased copy,
and (3) manually paraphrased copy. The reason for creating
plagiarized documents with three diﬀerent levels of rewrite is
that a plagiarist is likely to use one of the three abovementioned approaches for creating a plagiarized document
using existing document(s) for cross-lingual settings.
(a) Automatic Translation. Using this approach, plagiarized
documents (in English) are created by automatically
translating the source texts (in Urdu) using Google Translator (https://translate.google.com/, last visited: 20-02-2019).
Note that Google Translator has been eﬀectively used in
earlier research studies [32, 33].
(b) Artiﬁcially Paraphrased Copy. This approach aims to
create artiﬁcially paraphrased cases of cross-lingual plagiarism in two steps. A source text (in Urdu) is translated
automatically into English using Google Translator in the
ﬁrst step. After that, an automatic text rewriting tool is used
to paraphrase the translated text, which results in an
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artiﬁcially paraphrased copy of the original text. For this
study, we explore various free and publicly available text
rewriting tools. Among the available tools, we found that two
of them have the highest number of visitors per day: (1)
Spinbot text rewriting tool (http://www.spinbot.net/) with
an average number of 26 k visitors per day and (2) Article
Rewriter text rewriting tool (http://articlerewritertool.com/)
with an average number of 45 k visitors per day reported by
Alexa (this is a ranking system set by alexa.com (a subsidiary
of amazon.com) that basically audits and makes public the
frequency of visits on various websites) as compared to other
tools like http://paraphrasing-tool.com/, etc.
(c) Manually Paraphrased Copy. Using this approach, the
plagiarized document were created by manually translating
and paraphrasing the original texts.
3.2.2. Nonplagiarized. Wikipedia is a comparable corpus
and contains an article in multiple languages. It is notable
that these articles are not translations of each other. To
generate nonplagiarized cases, similar fragments of texts
were manually identiﬁed from English and Urdu Wikipedia
articles on the same topic.
The assumption is that although English and Urdu
Wikipedia articles are written on the same topic, they are
independently written by two diﬀerent authors. Therefore,
similar fragments of English-Urdu texts can serve as independently written cross-lingual document pairs.
As far as we are aware, the proposed methods used for
creating cross-lingual plagiarism cases of artiﬁcially paraphrased plagiarism and Nonplagiarism have not been previously used for creating cross-lingual plagiarism cases in
any other language pair.
3.3. Generation of Suspicious Texts. Crowdsourcing is a
process of performing a task in collaboration of a large
number of people usually working as a remote user. It can be
done with a group of people, small teams or even individuals.
Generating a large benchmark CLPD corpus is not a trivial
task. Therefore, we use the crowdsourcing approach to
generate suspicious texts with four levels of rewriting. Examples of manually paraphrased copy and nonplagiarized
are generated by participants (volunteers), who are
graduate-level university students (masters and M Phil). All
the participants are native speakers of Urdu. As the medium
of instruction in university and colleges is English, students
have a high level of proﬁciency in English language too.
The majority of the participants are from the English
department, and hence are well aware of paraphrasing
techniques.
However, for better quality, they were provided with
examples of paraphrasing. The plagiarized documents
generated by volunteers were manually examined, and lowquality documents were discarded.
3.4. Examples of Cross-Lingual Plagiarism Cases from CLPDUE-19 Corpus. Figure 1 presents an example of source-
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Figure 1: An example of plagiarized document created using automatic translation approach.

plagiarized document pair from CLPD-UE-19 Corpus
created using automatic translation approach. As can be
noted, the translated text is not an exact copy of the original
one. The possible reason for this is that Urdu is an
underresourced language, and machine translation systems
for Urdu-English language pair are not matured compared
to other language pairs. Consequently, the translated text
seems to be a near copy of the original text instead of an
exact copy. Moreover, it can also be observed from the
translated document that for few words for which Google
Translator does not ﬁnd any equivalent word in English, it
merely replaces the pronunciation of that word with English
homonyms, for instance,  تمد نis replaced with tmd and
 مثلأئis replaced with Msly. To conclude, the overall
quality of Google Translator seems to be good considering
the complexity in translating Urdu text to English.
Figure 2 shows an example of plagiarism document
where automatic translation of a source document is further
altered by an automatic rewriting tool to get artiﬁcially
plagiarized copy of the source document. It can be observed
from this example that automatic text rewriting tool has
replaced the words by appropriate synonyms (the words
presented in Italics are synonyms of original words).
However, the text rewriting tool does not alter the order of
text. The alteration in the translated text is carried out by
rewriting tool which further increases the level of rewriting
and makes it diﬃcult to identify similarity between sourceplagiarized text pairs.
A sample plagiarized document generated using the
manually paraphrased copy approach is shown in Figure 3,
which is a very well paraphrased content. Diﬀerent text
rewriting operations have been applied by the participants
to paraphrase the original text including synonym replacement, sentence merging/splitting, insertion/deletion
of text, word reordering. Consequently, the sourceplagiarized text pairs are semantically similar but diﬀerent at surface level, which makes the CLPD task even more
challenging.
A nonplagiarized source-suspicious document pair from
the CLPD-UE-19 Corpus is shown in Figure 4. The text is
topically related, but independently written. The inclusion of

more introductory sentences and last sentence reﬂects that
both texts are written in diﬀerent contexts.
3.5. Corpus Characteristics. Table 2 presents the detailed
statistics of the proposed corpus. In this table, AT, APC,
MPC, and NP represent automatic translation, artiﬁcially
paraphrased copy, manually paraphrased copy, and nonplagiarized, respectively. There are total 2,398 sourcesuspicious document pairs in the corpus, 810 are nonplagiarized and 1,588 are plagiarized. Among the plagiarized document pairs, 540 are automatically translated, 540
are artiﬁcially paraphrased, and 508 are manually paraphrased. Above statistics show that the corpus contains a
large number of documents for both plagiarized and
nonplagiarized cases. Also, the documents for four different levels of rewrite in the proposed corpus are almost
balanced. The CLPD-UE-19 Corpus is standardized in
XML format and publicly available for research purposes
(the CLPD-UE-19 Corpus is distributed under the terms of
the Creative Common Attribution 4.0 International License
and can be downloaded from the following link: https://www.
dropbox.com/sh/p9e00rxjj9r7cbk/AACj3gtVEy5T74rfP58_
BtP6a?dl�0).

4. Linguistic Analysis of CLPD-UE-19 Corpus
This section presents the linguistic analysis of the CLPD-UE19 Corpus. As reported in [34, 35], various edit operations
are performed on the source text to create plagiarized text,
particularly when it the source text is reused for paraphrased
plagiarism. Below we discuss the various edit operations
which we observed while carrying out linguistic analysis on a
subset of CLPD-UE-19 Corpus (note that, we used 50
source-suspicious document pairs for the linguistic analysis
presented in this section) (Figures 5–9).
4.1. Replacing Pronoun with Noun. In these edit operations, a
pronoun is replaced by actual name or vice versa in source
and suspicious document, for instance:
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Figure 2: An example of plagiarized document created using artiﬁcial paraphrasing approach.

Figure 3: An example of plagiarized document created using manual paraphrasing approach.

Figure 4: An example of nonplagiarized document from our proposed corpus.
Table 2: Corpus statistics.
Size (count of words)

≤50

>50 and ≤100

≥100 and ≤200

Level name/plagiarized and nonplagiarized/
plagiarized version (total count)
(Small)

Paragraph (medium)

Essay (large)

NP: 450∗
AT (300)
Plagiarized AP (300)
MP (290)
NP: 225
AT (150)
Plagiarized
AP (150)
MP (148)
NP: 135
AT (90)
AP (90)
Plagiarized
MP (70)
Total

CS
100
100
100
100
50
50
50
50
30
30
30
30
720

GT
50
50
50
50
25
25
25
25
15
15
15
15
360

Phy
75
99
99
90

Subject domains
Bio EE Zol

20
15
15
15

Psy
25
51
51
50

75

33

363

45
45
25
115

65

108

177

PS

MS

15
10
10
10
57

40
50
50
48

102

188

CS: Computer science, GT: General Topics, Phy: Physics, Bio: Biology, EE: Electrical Engineering, Zol: Zoology, Psy: Psychology, PS: Pak Studies, MS:
Management Sciences (200 nonplagiarized documents are from countries domain).
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Figure 5: An example of replacing pronoun with noun.

Figure 6: An example of changing order of text paraphrasing.

Figure 7: An example of changing source text by adding words.

S:
D: It was established on August 14, 1947. Brave, volunteer and sacriﬁcing warriors are main
features of them.

Figure 8: An example of paraphrasing text by date completion.

S:
D: Like the meaning of net spread every where so as web

Figure 9: An example of summarizing source text in plagiarized document.

4.2. Order Change with Add/Delete Words. It is also a
common approach used in edit operation. In this approach,
later part of the source text is quoted ﬁrst in the suspicious
text and vice versa like.
4.3. Continuing Sentences: Adding Words. Combining two
sentences by using an additional word is the most used
approach in rewriting text, for example.
4.4. Date Completed. It is another approach where an event
in the source text is rewritten in context of the event date and
place in suspicious document.
4.5. Summary. In this category, an abstract description of
the rewritten text in suspicious document is used in place of
long narrations in the source document.
The corpus contains a number of examples of order
changes and changing active to passive and direct to
indirect and vice versa. Such examples reﬂect that edit
operations change the source text so that it is not a
verbatim case. It is not an easy case for plagiarism
detection.

5. Translation + Monolingual Analysis of CLPDUE-19 Corpus
For convenience, this section is further divided into three
Sections: starting with experimental setup, next two sections
describe detailed and comprehensive analysis of the corpus.
5.1. Experimental Setup. To analyze the quality of artiﬁcially
and manually paraphrased levels of rewritten cases, we
applied translation + monolingual analysis approach on our
proposed corpus. Using this approach, we automatically
translated source documents (in Urdu) into English using
Google Translator. Now, both source and suspicious documents are in the same language, i.e., English. After that, we
computed mean similarity scores for source-suspicious
document pairs for all four categories (automatic translation copy, artiﬁcially paraphrased copy, manually paraphrased copy, and nonplagiarized) using n-gram overlap
and longest common subsequence approaches.
To compute similarity scores between source-suspicious
document pairs, we applied containment similarity measure
[36] (equation (1)). Using the n-gram overlap approach,
similarity score between source-suspicious document pair
is computed by counting common n-grams between two
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documents divided by the number of n-grams in both or any
one of the documents. If S(X, n) and S(Y, n) represent word
n-grams of length n in source and suspicious document,
respectively, then similarity between them using containment similarity measure is computed as follows:
|S(X, n) ∩ S(Y, n)|
(1)
Scontainment(X, Y) �
.
|S(X, n)|
We used another simple and popular similarity estimation model, longest common subsequence (LCS), to
compute the mean similarity scores for four levels of rewrite
in CLPD-UE-19 Corpus. Using the LCS approach, for a
given pair of source-suspicious text (X and Y), we ﬁrst
computed the LCS between source-suspicious strings and
then divided the LCS score with the length of smaller
document to get a normalized score between 0 and 1
(equation (2)). Note that LCS method is order-preserving,
and LCS score is aﬀected by edit operations performed on
source text to generate plagiarized text:
|LCS(X, Y )|
(2)
LCSnorm(X, Y) �
.
min(|X|, |Y|)

5.2. Partial (Domainwise) Analysis. This dimension provides
us an opportunity for microlevel and size-oriented domain
analysis. Size is one of the dimensions in the rewritten cases.
For this purpose, few sample documents from diﬀerent domains have been randomly selected. Automatic translation
copy (ATC) of a source document is compared with artiﬁcial
and manual paraphrased versions of the same document. Bi,
tri, and tetragram split has been applied to identify word to the
sentence level similarity between diﬀerent levels of the rewritten text. An empirical based analysis has been carried out
for documents related to all the domains, but only results of
only three domains for all size documents are listed here.
Almost all results showing that n-gram similarity between both
levels of rewrite decreases gradually as values of n increase.
5.2.1. Discussion. It is observed that overall average word ngram similarity in small-sized manually paraphrased copies
of documents is less than large- and medium-sized cases
similarity. It also reﬂects that paraphrasing small-sized text
using diﬀerent edit operations is more paraphrased as
compared to other sizes of suspicious documents and hence
diﬃcult to detect as well.
In Tables 3–5 and Figure 10, it is noteworthy that 4-gram
value or even 3-gram value in most of the cases approaches
to zero. It reﬂects that how well a source document has
gradually been altered in both APC and MPC levels of rewrite across the entire corpus. Only a few documents out of
such a large corpus have high value of similarity between the
source and its MPC level because plagiaries have not used
any major paraphrasing techniques for rewriting the source
text. But, in such a large corpus of more than 2300 documents, these are only a few such cases.
To have a better view of rewriting levels, we apply APCand MPC-wise average n-gram approach also, the results
of which are presented in Table 6. As per Figure 11, the
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Table 3: Comparison of rewrite levels of medium documents from
Pak Study domain.

Document
Document
Document
Document
Document

0002.txt
0005.txt
0006.txt
0009.txt
0011.txt

2gram
0.153
0.110
0.143
0.114
0.210

MPC
APC
34234gram gram gram gram gram
0.042
0
0.625 0.521 0.457
0.049 0.025 0.659 0.519 0.388
0.040 0.008 0.587 0.448 0.347
0.023
0
0.466 0.322 0.209
0.066
0
0.387 0.262 0.167

Table 4: Comparison of rewrite levels of large-sized documents
from the Biology domain.

Document-0041.txt
Document-0042.txt
Document-0087.txt
Document-0094.txt
Document-0095.txt

2gram
0.111
0.120
0.324
0.455
0.381

MPC
3gram
0.038
0.042
0.182
0.286
0.250

4gram
0
0
0.063
0.150
0.105

2gram
0.370
0.280
0.588
0.364
0.429

APC
3gram
0.231
0.042
0.515
0.190
0.250

4gram
0.120
0
0.469
0.050
0.053

Table 5: Comparison of rewrite levels of small sized documents
from the Physics domain.

Document-0066.txt
Document-0068.txt
Document-0070.txt
Document-0072.txt
Document-0075.txt

2gram
0.113
0.103
0.218
0.121
0.133

MPC
APC
34234gram gram gram gram gram
0.025
0
0.463 0.329 0.231
0.026
0
0.449 0.234 0.105
0.091 0.066 0.487 0.338 0.211
0.031
0
0.803 0.708 0.609
0.068 0.014 0.547 0.419 0.329

similarity ratio in most of the APC cases is higher than MPC
cases. It also indicates that artiﬁcial paraphrasing techniques
are still slightly not as precise in paraphrasing source text as
compared to the manual eﬀort.
5.3. Complete (Corpus-Based) Analysis. Table 7 shows the
mean similarity scores obtained using n-gram overlap and LCS
approaches. AT refers to automatic translation, APC refers to
artiﬁcial paraphrased copy, MPC refers to manually paraphrased copy, and NP refers to nonplagiarized. 1-gram refers to
mean similarity scores generated using n-gram overlap approach, where n � 1 (i.e., unigram). Similarly, 2-gram refers to
mean similarity scores generated using n-gram overlap approach, where n � 2 (i.e., bigram) and so on. Mean similarity
scores obtained using LCS approach are referred as LCS. Note
that mean similarity score for AT is 1.00 for all methods. The
reason is that we used Google Translator for both creating AT
cases of plagiarism (Section 3.2) and M + TA analysis (presented in this section). Therefore, the two translations are
exactly same generating a similarity score of 1.00 for AT.
As expected, similarity score drops as the level of rewrite
increases (from AT to NP). This shows that it is hard to
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0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0

2 grams

3 grams
MPC

4 grams

Document-0002.txt
Document-0005.txt
Document-0006.txt

2 grams

3 grams
APC

4 grams

Document-0008.txt
Document-0010.txt

Figure 10: Comparison of manually paraphrased copy (MPC) and artiﬁcially paraphrased copy (APC) based on small-sized documents
from the Psychology domain.
Table 6: Rewrite level-wise averaged n-gram-based small-sized documents from the Psychology domain.
Documents/rewrite levels
Document-0002.txt
Document-0005.txt
Document-0006.txt
Document-0008.txt
Document-0010.txt

MPC
0.017
0.215
0.146
0.056
0.227

APC
0.374
0.198
0.41
0.369
0.588

0.700
0.600
0.500
0.400
0.300
0.200
0.100
0.000
Document-0002.txt

Document-0005.txt

Document-0006.txt

Document-0008.txt

Document-0010.txt

MPC
APC

Figure 11: Averaged n-gram overlap scores for manually paraphrased copy (mpc) and artiﬁcially paraphrased copy (APC) documents.

Table 7: Mean similarity scores for four levels of rewrite in the
CLPD-UE-19 Corpus using n-gram overlap and LCS approaches.
Method\rewrite levels
1-gram
2-gram
3-gram
4-gram
5-gram
LCS

At
1.00
1.00
1.00
1.00
1.00
1.00

APC
0.68
0.44
0.31
0.22
0.16
0.20

MPC
0.52
0.21
0.11
0.07
0.04
0.15

NP
0.22
0.01
0.00
0
0
0.05

detect plagiarism when the level of rewrite increases. This
also shows that suspicious documents in the CLPD-UE-19
Corpus are generated using diﬀerent obfuscation strategies.
For n-gram overlap approach, mean similarity scores drops
as the length of n increases, indicating that it is hard to ﬁnd
long exact matches in the source-suspicious document pairs.
For LCS approach, the score is quite low compared to 1gram approach. This highlights the fact that the order of texts
in the source and suspicious document pair is signiﬁcantly
diﬀerent which makes it hard to ﬁnd longer matches.
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6. Conclusion
The main goal of this study was to develop a large benchmark corpus of cross-lingual cases of plagiarism for UrduEnglish language pair at four levels of rewrite including
automatic translation, artiﬁcial paraphrasing, manual
paraphrasing, and nonplagiarized. There are total 2,398
document pairs in our proposed corpus: 1,588 are plagiarized and 810 are nonplagiarized. Plagiarized documents are
created using three obfuscation strategies: automatic
translation (540 documents), artiﬁcial paraphrasing (540
documents), and manual paraphrasing (508 documents).
Wikipedia articles are used as source texts and categorized
into small, medium, and large documents. Crowdsourcing
approach has been applied to create our proposed corpus.
We also performed linguistic analysis and translation + monolingual analysis of our proposed corpus. Our
empirical analysis showed that there is a clear distinction in
four levels of rewrite in our proposed corpus, which makes
the corpus more realistic and challenging. Being an
emerging area of research [37], in future, we plan to apply
cross-lingual plagiarism detection techniques on our proposed corpus.

Data Availability

[7]

[8]

[9]

[10]

[11]

[12]

[13]

The authors declare that the data mentioned and discussed
in this paper will be provided, if required.

Conflicts of Interest

[14]

The authors declare that they have no conﬂicts of interest.
[15]

Acknowledgments
The authors are thankful to all the volunteers for their
valuable contribution in construction of the CLPD-UE-19
Corpus.

References
[1] A. Barrón-Cedeno, P. Rosso, E. Agirre, and G. Labaka,
“Plagiarism detection across distant language pairs,” in Proceedings of the 23rd International Conference on Computational Linguistics Association for Computational Linguistics,
pp. 37–45, Beijing, China, August 2010.
[2] A. Barrón-Cedeño, P. Gupta, and P. Rosso, “Methods for
cross-language plagiarism detection,” Knowledge-Based Systems, vol. 50, pp. 211–217, 2013.
[3] B. Stein and S. M. zu Eissen, “Intrinsic plagiarism analysis
with meta learning,” in Proceedings of the PAN 2007, p. 276,
Amsterdam, Netherlands, July 2007.
[4] B. Martin, “Plagiarism: a misplaced emphasis,” Journal of
Information Ethics, vol. 3, no. 2, p. 36, 1994.
[5] S. Hussain, “Complexity of Asian writing systems: a case study
of Nafees Nasta’leeq for Urdu,” in Proceedings of the 12th
AMIC Annual Conference on E-Worlds: Governments, Business and Civil Society, Asian Media Information Center,
Singapore, June 2003.
[6] M. Potthast, B. Stein, A. Barrón-Cedeño, and P. Rosso, “An
evaluation framework for plagiarism detection,” in Proceedings of the 23rd international conference on computational

[16]

[17]

[18]

[19]

[20]

[21]

[22]

linguistics: Association for Computational Linguistics,
pp. 997–1005, Beijing, China, August 2010.
C. H. Lee, C. H. Wu, and H. C. Yang, “A platform framework
for cross-lingual text relatedness evaluation and plagiarism
detection,” in Proceedings of the 3rd International Conference
on Innovative Computing Information and Control ICICIC’08,
p. 303, Dalian, China, June 2008.
Z. F. Alﬁkri and A. Purwarianti, “The construction of
Indonesian-English cross language plagiarism detection system using ﬁngerprinting technique,” Jurnal Ilmu Komputer
dan Informasi, vol. 5, no. 1, pp. 16–23, 2012.
A. Aljohani and M. Mohd, “Arabic-English cross-language
plagiarism detection using winnowing algorithm,” Information Technology Journal, vol. 13, no. 14, pp. 2349–2355, 2014.
H. Asghari, K. Khoshnava, O. Fatemi, and H. Faili, “Developing bilingual plagiarism detection corpus using sentence
aligned parallel corpus,” in Proceedings of the CLEF 2015,
Toulouse, France, September 2015.
R. Kothwal and V. Varma, “Cross lingual text reuse detection
based on keyphrase extraction and similarity measures,” in
Multilingual Information Access in South Asian Languages,
pp. 71–78, Springer, Berlin, Germany, 2013.
M. El-Haj, U. Kruschwitz, and C. Fox, “Creating language
resources for under-resourced languages: methodologies, and
experiments with Arabic,” Language Resources and Evaluation, vol. 49, no. 3, pp. 549–580, 2015.
J. Ferrero, F. Agnes, L. Besacier, and D. Schwab, “A multilingual, multi-style and multi-granularity dataset for crosslanguage textual similarity detection,” in Proceedings of the
10th edition of the Language Resources and Evaluation
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In LOD, authentication is a key factor in the security dimension of linked data quality models. This is the case of (a) LMS that
manages open educational resources (OERs), in training process, and (b) LMS integrated platforms, which also require
authenticating users. Authentication tackles a range of problems such as users forgetting passwords and time consumption in
repetitive logins in diﬀerent applications. In the context of linked OERs that are developed in LMS, it is necessary to design
guidelines in order to carry out the authentication process. This process authorizes access to diﬀerent linked resources platforms.
Therefore, to provide abstraction methods for this authentication process, it is proposed to work with model-driven architecture
(MDA) approach. This paper proposes a security abstraction model on LMS, based on MDA. The proposed metamodel seeks to
provide a set of guidelines on how to carry out uniﬁed authentication, establishing a common dialogue among stakeholders.
Conclusion and future work are proposed in order to generate authentication instances that allow access to resources managed in
diﬀerent platforms.

1. Introduction
Model-driven engineering (MDE) [1–5] has as one of its ﬁrst
phases the search for the understanding of the problem to be
addressed, that is, the knowledge of the problem domain.
From this knowledge, an initial abstraction is constructed,
using model schemes. These models are intended to be
essential components for communication between the
problem domain experts and software developers.
Based on the principle that the fundamental artifacts of
development software are the models and not the programs,
MDE proposes model-driven software development (MDD)
based on the models that are generated from the most
abstract to the most concrete through transformation or
reﬁnements steps, until arriving at the code applying a last
transformation. Taking into account the above, the modeldriven architecture (MDA), a concept promoted by object

management group (OMG), is conﬁgured as an architecture
that provides a set of guidelines to structure speciﬁcations
expressed as models, following the MDD process [6]. On the
other hand, linked open data (LOD) is a strategy to link open
data licensed under one of the several open licenses that
allow reuse [7]. In order to verify the linkage process, in
addition to carry out diﬀerent studies about the status of the
data web [8–12], diﬀerent linked data quality models have
been proposed in LOD. These models deﬁne a dimensions
and metrics set, such as those proposed by Zaveri et al. [13].
Within these dimensions, security has been considered, as a
measure in which data access can be restricted and, therefore, protected against its alteration and misuse.
The security priority level depends on whether the data
should be protected and whether there is a cost to the data
that is unwittingly available. It should be noted that, although in the case of open data, the security aspect is often
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not very developed given that the data are freely accessible
under a speciﬁc license. However, today’s students want to
access the training at their own time rhythm and place,
which has motivated them to implement LMS to join students’ personalized needs who seek an online learning with
resources in mobile and dynamic environments. For this
reason, LMS platforms, and their integration with other applications, pose a security challenge in aspects such as (a) user
authentication, which consumes linked resources in these
applications; (b) the management and remembrance of multiple users and passwords; (c) continuous calls to reset passwords; (d) time consumption by continuous logins in diﬀerent
platforms; and (e) managing diﬀerent authentication schemes
according to the platforms or applications used, among other
factors [14, 15]. With the purpose of analyzing and establishing
criteria about the integration of security as a quality dimension
in the linked open educational resources, the question arises
about How to structure a metamodel that provides an authentication abstraction process for linked open educational
resources, supported on linked data quality dimensions? To
address this research question, the use of MDA is proposed, in
order to design a metamodel, which allows the generation of
authentication instances for the linked open educational resources, supported by quality dimensions.
In Section 2, the background about the research subject is
described. Subsequently, the methodological approach is presented in Section 3. The methodological development used for
the metamodel approach is described in Section 4. In section 5,
the results obtained and the discussion about them are exposed.
Conclusion and future work are presented in Section 6.

2. Related Work
The main references that support the theoretical foundations
used in this research are described below.
2.1. Identiﬁcation and Authentication. As described in
[16–18], when a user connects to a computer system, he/she
must provide
(i) User name or identiﬁcation: identiﬁcation is the
ability to identify a user of a system or an application
that is running in the system [19]
(ii) Password or authentication
Authentication is the ability to demonstrate that a user
or an application is really who the said person or application
claims to be [19]. To carry out this identity veriﬁcation
process, there are diﬀerent proposals such as [17, 20, 21]
(i) Something that is known (e.g., password): the most
basic authentication model is to decide if a user
proves he is who he says he is. In this case, it is
possible to use a knowledge test that only that user
can answer.
(ii) Something you have (e.g., badge, token, and smart
card): an example of these are smart cards, which
have a chip embedded in the card itself that can
implement an encrypted ﬁle system and

cryptographic functions and can also detect actively
invalid attempts to access stored information.
(iii) Something that one is (e.g., ﬁngerprint, DNA, and
iris): for example, the so-called biometric systems
based on the physical characteristics of the user to
be identiﬁed.
(iv) Where you are (e.g., using a particular terminal).
To carry out authentication, the steps of (a) obtaining the
authentication information of an entity, (b) analyzing the
data, and (c) determining whether the authentication information is eﬀectively associated with the entity are carried
out [16]. For this process, there are authentication mechanisms such as passwords, challenge-response, alternative
mechanisms (information, tags, cards, biometrics, signatures, etc.), and multiple methods, among others [22].
2.2. Linked Data Quality. As discussed in [23], published
data may suﬀer from diﬀerent problems given the heterogeneity of the data source, such as redundancy, inconsistencies, or may be incomplete. Therefore, queries
made by applications that consume LOD may be inaccurate,
ambiguous, or unreliable. Diﬀerent authors [24–28] have
proposed models and metrics to evaluate LOD instances
published on the Web. Some of the criteria worked on in
these proposals are oriented to provenance, content, RDF
structure, and links, among other factors. It is important to
note that in most of the references, a treatment of the
proposed quality dimensions is identiﬁed, on the data instances already published on the Web.
On the other hand, some of these authors emphasize that
quality must not only operate in the resource construction
but also in the metadata itself, in order to seek the interoperability of said resources [29]. For the work in this
investigation, the model proposed by Zaveri et al. [30] is
proposed as a fundamental basis. This model qualitatively
analyzes 30 main approaches to quality assurance and 12
tools using a set of attributes. As a result of this review, data
quality dimensions and metrics model in LOD are proposed
by the authors. Dimensions of (a) accessibility, (b) representation, (c) contextual, (d) intrinsic, (e) trust, and (f )
dataset dynamicity are identiﬁed in this model.
2.3. MDE-MDA. MDE is a software development approach
focused on the model generation to describe the elements of
a system. Its main objective is the separation of the system
design both from the architecture and from the construction
technologies, facilitating that design and architecture can be
modiﬁed independently. In this section, it is important to
present some essential concepts in MDE [31–36]:
(i) Meta-metamodel describes the proposed metamodels, generating a supremely high degree of
abstraction in which all models coincide.
(ii) Metamodel is a general structure in which entities are
managed but not instances of them. The metamodel
guides the model construction, through the description
of the basic structure to follow, in addition to showing

Scientiﬁc Programming
the interaction rules between deﬁned entities. In
summary, they are tools (rules, restrictions, models,
and theories) that allow the model construction.
(iii) Model is the application of the metamodel in a
particular case, in other words, a structure in which
general entities are not managed, but rather with
speciﬁc instances of them. In general, it is a description (simpliﬁed representation) of one or more
domain elements or real world.
As for MDA, this architecture provides a set of guidelines for structuring speciﬁcations expressed as models [5].
MDA focuses on the following three principles:
(i) Direct representation focuses on the ideas and
concepts of the problem domain and decreases the
distance between the domain semantics and its
representation, applies principles of abstraction,
and separates relevant aspects from the problem
domain of technology decisions
(ii) Automation promotes the use of functionalities
such as the exchange of models, the management of
metamodels, the veriﬁcation of consistency, and the
transformation of models
(iii) The use of open standards: the purpose is to achieve
the interoperability in diﬀerent tools and platforms,
promoting the applications development
Metamodels in the context of MDA are expressed using
meta-object facility (MOF), which proposes a 4-layer
scheme: M0 (instances), M1 (the model), M2 (the metamodel), which deﬁne the elements of the model, and M3 (the
meta-metamodel), which deﬁnes concepts, attributes, and
relationships for the elements. Now, MDA adds to the
model-driven approach the inclusion of several levels of
abstraction (CIM, computation independent model; PIM,
platform independent model; PSM, platform speciﬁc model)
and several transformations between levels, thus carrying
out system descriptions to several levels [2, 4, 35]. The
development steps proposed in MDA are as follows [6]:
(a) The system requirements are presented in a CIM
model, which describes the situation in which the
system will be used
(b) The CIM model is transformed into a PIM model that
describes the system, but does not show the details of
its use in a particular technological platform
(c) After obtaining the PIM model, another transformation is made to the PSM model, which contains
the necessary detail to use the technological platform
in which the system will operate
(d) Finally, having the PSM model, a transformation is
performed which results in the generation of code to
achieve a solution or executable model

3. Methodological Approach
This research works on a quasiexperimental methodology. This
design, as an empirical method, allows the analysis of the
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properties resulting from the application of the technological
process, to obtain an analysis of the proposed variables.
Considering that metamodels in the context of MDA are
expressed in a 4-layer scheme, for this research process, M0: the
instances; M1: the model; and M2: the metamodel layers are
considered. From this perspective, the need to carry out a
quasiexperimental design was proposed, in order to conceptually consider the abstraction process of the security dimension in the context of linked open educational resources,
based on metamodels. This methodology is shown in Figure 1.
To develop this proposal, a methodological design
structured in phases was deﬁned, which allows to determine
the processes that led to this research. In order to carry out
the proposed design, the following phases are described
succinctly:
(a) Context approach: in this phase, in order to identify
the theoretical elements of the research, the following question was designed to guide the research
process: How to structure a metamodel that provides
an authentication abstraction process for the linked
open educational resources, supported on linked
data quality dimensions?
Based on the design of a metamodel for the abstraction of the authentication process for the linked
open educational resources, it is important to take
into account aspects of model-driven engineering
and linked data quality, as key elements for the
metamodel design, which allows generating guidelines for the construction of this abstraction.
(b) LMS authentication: in this phase, the research
problem and the strategies identiﬁcation used for
the authentication in LMS are proposed, as the
main axis in the abstraction process of the
knowledge domain. In the same way, the key requirements are deﬁned, to feed the build process of
the proposed metamodel.
(c) Metamodel layers deﬁnition: after the requirements
deﬁnition, the identiﬁcation of the proposed layers
for the elaboration of the conceptual design that
will guide the metamodel implementation is carried
out.
(d) Veriﬁcation example design: in this phase, the veriﬁcation example is carried out that will show the
follow-up to the conceptual design that will guide the
metamodel implementation.
(e) Results analysis: with the abstraction of the protocol
to be followed and the corresponding application in
the case of study, the proposed design is evaluated.

4. Methodological Development
4.1. LMS Authentication. In general, information is stored in
an authentication process to carry out this process, such as
user and password. As described in [37], in order to authenticate itself, a user generally provides at least two elements: (a) its identiﬁer that allows its deﬁnition and (b) one
or more elements that guarantee the authentication itself.
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Figure 1: Methodological approach.

Thus, independent of the mechanism, the same elements are
found in diﬀerent forms, for example,
(i) Identiﬁer and password.
(ii) PKI certiﬁcates on smart card or USB token: identiﬁer
is a public certiﬁcate that is signed and consequently
guaranteed by a recognized certiﬁcation authority.
The user must provide a secret element to be able to
use the diﬀerent cryptographic elements, for example,
“PIN code of your card or your USB key.”
(iii) Identiﬁer and password on a smart card.
(iv) Authentication by biometrics is based on the
veriﬁcation of an element of the user’s body
(usually the ﬁngerprint).
(v) In multifactor authentication, diﬀerent combinations such as smart card + PIN code, smart
card + biometric, and biometric + password, among
others, can be registered.
As for the learning management systems (LMSs), these
are systems whose main function corresponds to providing

suﬃcient support for the mediation of appropriation of
knowledge and its administration, access to didactic and
communication tools, and reuse of contents, among others.
To carry out their objective, LMS must provide services and
tools such as authentication. For such purpose, LMS must
have an infrastructure to guarantee the users authentication
[38]. In LMS such as Moodle, diﬀerent authentication
mechanisms through modules are developed, which allow
easy integration with existing systems. Within these
mechanisms are the following [39]:
(i) Standard method of e-mail registration: students
can create their own access accounts. The e-mail
address is veriﬁed by conﬁrmation.
(ii) Lightweight Directory Access Protocol (LDAP)
method: access accounts can be veriﬁed on an LDAP
server. The administrator can specify which ﬁelds to
use.
(iii) Internet Message Access Protocol (IMAP), Post
Oﬃce Protocol (POP3), and Network News
Transport Protocol (NNTP): access accounts are
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veriﬁed against a mail or news server (news).
Supports secure sockets layer (SSL) certiﬁcates and
transport layer security (TLS).
(iv) External database: any database, which contains at
least two ﬁelds, can be used as an external authentication source.
An example of user authentication interfaces which access
diﬀerent applications of the District University (Academic
Management and LMS) is shown in Figure 2. Each of them
has an independent authentication mechanism.
4.2. Metamodel Layers Deﬁnition. According to the layer
scheme deﬁned for the metamodels in the MDA context,
layers below were proposed to work on the framework
project: (a) M0 (the authentication), (b) M1 (the authentication model), and (c) M2 (the metamodel). The structure of
the meta-object facility (MOF) proposed for the project is
shown in Figure 3. In this architecture, the following is
proposed:
(i) A metamodel that deﬁnes restrictions, rules, and
theories set must be followed by the representations
made about it. This layer will deﬁne requirements
and restrictions, which must be met in any authentication process.
(ii) A model that characterizes both the deﬁned authentication strategy, supported on the quality dimension, and the requirements deﬁnition that these
must meet in their design.
(iii) A model instance, which represents the abstraction
made of the knowledge domain, adjusted under
metamodel constraints, in an own domain of linked
data quality.
4.3. Veriﬁcation Example Design. For the veriﬁcation example design, the metamodel requirements must be identiﬁed in the ﬁrst instance.
Case study: “A digital educational resources bank is
connected to several institutional repositories. When a user
enters the resource bank, after logging in, he should be able
to access the diﬀerent LMSs that manage the resources there
related, even more so when said LMS corresponds to different providers. This single access provides the user with a
username and password for each of the repositories, in order
to access and consume the resources published there.”
For this problem context, metadata or data model requirements are not handled. The domains used correspond
to security and LMS.
4.3.1. Knowledge Domain. The knowledge domain for the
problem posed presents the following knowledge instances:
(a) Quality Dimension. For this veriﬁcation exercise, the
security dimension was worked on, grouped in the
accessibility category, based on the quality model
proposed by Zaveri et al. [13]. According to the
authors, this aspect describes the following:

5
(i) Accessibility: the dimensions that belong to this
category involve aspects related to the access and
retrieval of data to obtain all or part of the data
for a particular use case. There are ﬁve dimensions that are part of this group, which are
availability, licensing, interconnection, security,
and performance.
(ii) Security: security is the metrics to which data
access can be restricted and, therefore, protected
against its alteration and misuse. Security is
measured according to whether the data have an
owner or require web security techniques
(e.g., SSL or SSH) for accessing, acquiring, or
reusing the data by users. The importance of
security depends on whether the data should be
protected and whether there is a cost of data that
is unwittingly available. For open data, security is
often not very developed since the data are freely
accessible under a speciﬁc license.
(b) Digital Repositories. As described in [41], a learning
object repository (ROA) is a software system that
stores educational resources and their metadata (or,
only, the latter) and provides some type of resource
search interface, either for interaction with humans
or with other software systems. Additionally, there
are learning management systems (LMSs), which
allow designing courses based on the reuse and
integration of learning objects. These resources have
been searched and previously selected in repositories. Regarding authentication, an LMS must
have an infrastructure to guarantee the authentication of its users.
(c) Identiﬁcation and Authentication. Identiﬁcation is
the ability to uniquely identify a system user or an
application that is running on the system. Authentication is the ability to demonstrate that a user or an
application is really who the said person or application claims to be [16].
(d) Single Sign-On. It is an authentication mechanism
[42], which allows users to access diﬀerent systems
through a single identiﬁcation instance. In other
words, single sign-on (SSO) is a concept to delegate
the authentication of an end-user on a service
provider (SP) to a third party, the so-called identity
provider (IdP) [43]. The behavior proposed by single
sign-on is shown in Figure 4.
In SSO, there are common conﬁgurations:
(i) Enterprise single sign-on (E-SSO): It operates as a
primary authentication and intercepts the login
requirements that are required by the secondary
applications in order to complete the user and
password ﬁelds. For the correct operation of E-SSO,
it is necessary that the underlying applications allow
to disable the login interface.
(ii) Web-based single sign-on (Web-SSO): this type of
solution operates only with applications and
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(a)

(b)

Figure 2: Examples of authentication interfaces. (a) Academic management system. (b) LMS system. Source: [40].

resources that are accessed through the web. The
access data are intercepted through a proxy, a
component on the server, or the portion of software
running on the client. Users, who have not been
authenticated yet, are redirected to an authentication service from which they must return with a
token or successful access.
(iii) Kerberos: users register on a server and obtain a
ticket (TGT: ticket-granting ticket), which is used by
client applications to gain access.
(iv) Federated identity: it corresponds to an identity
management solution or identity management,
which allows using the credentials available in one
authentication system in others, either from the
same organization or even from other companies.
The above is done with standards that deﬁne
mechanisms to share information between
domains.
After a review, diﬀerent SSO implementations were
identiﬁed. These related works are shown below:
(i) Web-SSO is a used technique to allow users to easily
register and sign-in to websites with the use of social
media accounts. These websites can be associated
with new applications downloaded from Apple’s
App Store, Android’s Google Play store, or even
accessing website accounts [45].
(ii) In Austria, most public sector applications use an
open-source identity provider called MOA-ID.
However, due to the sectorial identity management, MOA-ID has not been single sign-on capable.
A security architecture that enables single sign-on

between diﬀerent governmental applications using
MOA-ID as identity provider while meeting the
requirements for sectorial data privacy protection at
the same time is presented in [46]. This research
achieves this by transforming unique sectorial
identiﬁers of users with the help of an additional
trusted attribute provider.
(iii) A system which wants to integrate information
systems by using web services should provide a
uniﬁed identity authentication single sign-on scheme
for heterogeneous platforms. This research introduces the characteristics of Kerberos-based single
sign-on and SAML-based single sign-on [47].
(iv) Federated access control schemes such as SAML
and OpenID for authentication or OAuth for authorization enable secure, cross-domain single signon for web and mobile applications regardless of
where users are located or what device they are
using to start the authentication or authorization
ﬂows. Using federated schemes allow users to avoid
managing as many user names and passwords as
services they want to interact with. Instead, they ask
for a token at some kind of identity provider or
veriﬁer and all services participating in the federation trust these tokens to solve authentication and/
or authorization [48].
(v) OpenID Connect is the OAuth 2.0-based replacement for OpenID 2.0 (OpenID) and one of the
most important single sign-on (SSO) protocols used
for delegated authentication. It is used by companies like Amazon, Google, Microsoft, and PayPal
[43].
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5. Results and Discussion
5.1. Requirements. Identiﬁed requirements are as follows:
(i) Requirement R1 provides a security mechanism for
accessing users and acquiring or reusing data.
(ii) Requirement R2 provides an authentication mechanism that allows a user to access the LMS instances,
where resources are managed.
5.2. Metamodel. Taking into account the above requirements, it is necessary to consider some situations described below, in order to build the metamodel:
(a) Accessibility in a secure way to diﬀerent LMSs, using
the same access point, involves an authentication

layer, which allows authenticating the access of
consumers to exposed digital resources in each LMS.
(b) In addition to the accessibility to diﬀerent LMSs, it is
possible to integrate the LMS with other tools, such
as customer relationship management (CRM),
electronic commerce, or any other application. This
authentication scheme in diﬀerent applications
should also have a single authentication layer.
In other words, the task of this layer is twofold: on the
one hand, integrating each authentication scheme from
diﬀerent LMSs, and on the other hand, oﬀering an authentication service to users. Since each integrated LMS has
its own authentication model, it is necessary to make an
abstraction over multiple authentication models, unifying
them under this basic metamodel. The proposed general
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metamodel is illustrated in Figure 5. The implementation of
this authentication layer uses a metamodel that consists of
the following three simple classes:
(i) Entity. They are both the user who wishes to carry
out the authentication and the authenticating entity,
which handles the uniﬁed authentication mechanism and which can map the attributes to each LMS
authentication scheme or integrated applications.
(ii) Attribute. These factors are captured to carry out the
identiﬁcation (e.g., the nick) and the authentication
(e.g., the token).
(iii) Message. These are the request and response messages made between user and uniﬁed authentication
system.
The restrictions that the metamodel handles are deﬁned
according to the uniﬁed authentication factors. As described
in [24], diﬀerent criteria can be conﬁgured, which can be
taken as factors for authentication. An example of conﬁguring basic criteria for IMAP is shown in Table 1.
According to the characteristics of the LMS authentication modules, the use of an identiﬁer factor and an
authenticating factor (pin, biometric, or a simple password)
can be abstracted. To specify a little more, the requirements
proposed by the domain abstraction, a more detailed
metamodel where the entities, attributes, and messages are
speciﬁed in textual form, are shown in Figure 6.
As seen in Figure 6, after receiving the message from
the “User” entity, “Authenticator” entity processes the
authentication of the factors submitted as attributes
(credentials), generating a response message, either the
authorization or the rejection of the user.
5.3. Model. To perform the interaction between entity, attribute, and message, the model design is proposed, which,

in addition to responding to the criteria established in the
metamodel, encapsulates access to identity management
functions and provides a single session on. For this, delegator pattern in [51] is proposed, which allows an independent evolution of the weakly coupled identity
management services while providing system availability.
The class diagram, which visualizes the unique authentication model implementation based on a delegator pattern,
is shown in Figure 7.
With this pattern implementation, the client does not
interact directly with identity management service interfaces. The delegate prepares for the single session on,
conﬁgures security session, looks for the physical security
service interfaces, invokes the appropriate security service
interfaces, and performs the global logout at the end [51].
5.4. Instances. The proposed model instance is based on
single sign-on. An example of the login process in the
TalentLms domain, through the SSO service, is shown in
Figure 8.
Implementations of SSO in Canvas, WordPress, Atlassian, Jooomla, Drupal, and Magento, among other platforms, are described in [53, 54]. Research on SSO, which is
being carried out at the Universidad Distrital Francisco José
de Caldas, is shown in Figures 9 and 10. This proposal is
based on The OAuth 2.0 Authorization Framework (RFC
6749) [55], a framework based on refresh tokens which are
credentials used to obtain access tokens.
The developed interface is shown in Figure 11.
The aim of this research is to integrate academic applications, used at the Universidad Distrital. Subsequently,
learning resources repositories will be integrated. For this
integration, its metamodel proposes a set of recommendations. These recommendations will allow mapping generated
tokens, to each learning objects repositories. This process lets
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Table 1: IMAP conﬁguration parameters.
Username

Personal name (e.g., Juan Carlos Pérez)
Main address, for example,
E-mail
juan.perez@alumnos.unican.es
Answer
The same
Incoming IMAP
imap.alumnos.unican.es with
mail server
SSL protocol (port 993)
Outgoing SMTP
smtp.alumnos.unican.es with
mail server
TLS protocol (port 587)
username@alumnos.unican.es
Account name
(e.g., xyz01@alumnos.unican.es)
Password
User password
Other
Enable outbound authentication (SMTP) with
parameters
the same username and password
Source: [49].

perform respective authentication. In other words, for each
authentication model, respectively, instantiated, the uniﬁed
authentication mechanism will manage tokens for authentication process and according to their validity will allow
access to the respective repository.
The proposed model focuses on user authentication and
validation process that will allow them to access educational
resources. Basic architecture for the credential veriﬁcation
process and after that access for query or management of
educational resources is shown in Figure 12. Diﬀerent points
are shown in this model. Some of them are relationship
between Web applications that share educational resources
and messages passing to access control to resources. Access
control is done by credentials, which are validated in SSO.
Token must be sent with each request that is made for
queries or management of educational resources. When a
request is made in the API manager, validation process
starts, taking the token from the request header to query it in
the authentication server and grant access permissions and
consumption service in the API. By obtaining an educational

resources list located in other applications, resource access
will be transparent to users, since message ﬂow for access
authorization will be managed with the same implicit ﬂow.
This model allows controlling access to educational
resources on diﬀerent applications that require credentials
validation. In addition to manage permissions to repositories access, this model allows to edit resource information (if the application allows it). The ﬂow is controlled
and is supported through the most used authentication
protocols, such as OAuth2.
As a discussion about what is the broad application of the
SSO model beyond the case study proposed, a single authentication design has diﬀerent advantages and disadvantages, which are exposed [39, 43, 45–48, 51, 58, 59].
Among the advantages, the following advantages are
identiﬁed:
(i) Minimizing the amount of passwords and usernames, which are used in password-based authentication for instance, and the ease in signing up for
new websites and apps.
(ii) With a single session record, factors such as the use
and possible forgetting of multiple access keys are
attacked, as well as reducing the time in diﬀerent
authentication processes.
(iii) Using model implementation patterns, such as
delegation, allows to improve the handling of the
sessions, since the single sign-on service creates a
secure SSO session and delegates the service requests to the relevant security services.
(iv) By avoiding centralized management of users and
authorizations, the applications themselves have to
implement these mechanisms (it is delegated to the
SSO itself ), streamlining the process of provisioning
user credentials for the diﬀerent applications, and
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automating this process considerably reduces the
error probability.
(v) Multiplatform system allows the integration of
diﬀerent systems from diﬀerent manufacturers in a
single user authentication mechanism.
Disadvantages are as follows:
(i) The SSO system accessing process allows an intruder
to access all the systems covered by the SSO system.
This inconvenience is usually mitigated by making
the authentication process much stricter than in the
usual processes.
(ii) When SSO is implemented, it must be used very
carefully. This is especially true if there is not
complete control over who is authenticated by the
identity provider. Authentication only provides information about the user’s identity; for this reason, it
should be veriﬁed separately in each application
what should be visible to him/her.
However, some contributions and ﬁndings were identiﬁed in the review as follows:
(i) Using single sign-on delegator pattern, multiple
instances of the remote security services will help
improve scalability and support a standards-based

single sign-on framework that does not require
users to sign-on multiple times [51].
(ii) The SSO process for web applications can use two
techniques (a) using passive redirection mechanism:
applications that are involved in the process do not
communicate directly with each other, but rely on
browser’s redirection and standard HTTP GET and
POST messages. (b) Using “active SSO”: when a
relying party application talks directly (e.g., via a Web
Service) to the identity provider to validate the user’s
identity and obtain the related security token [50].
(iii) Under a corporate environment, the user needs to
remember only one set of credentials to access
various resources in and out of the organization’s
network, in addition to increasing productivity by
avoiding reentering your password to authenticate
yourself in various resources repeatedly [52].
(iv) Burden on the IT is cut down due to fewer helpdesk
requests for password resets. Centralized authentication center and identity management allows
quicker and better control over the accesses granted
to each user [53].
(v) SSO can be mixed with any of authentication methods
(e.g., security questions, mobile authentication, and
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voice authentication) to augment your passwordbased authentication [54].
Finally, regarding the management of educational resources, which are stored in repositories with access control,
SSO implementation guarantees access to these resources,
performing a validation process of credentials from a centralized node. In this node, each one of the LMS that wants to
query resources is registered. In this registration process,
each application requests credentials validation to carry out
access to resources. When a user wants to query a resource in
a repository (which has valid credentials), one of the following scenarios could happen:

(a) User is logged in into the centralized authentication
node: if the user has previously accessed the centralized authentication module, this user will have
access credentials for all those applications or repositories registered in the centralized node, so that
credentials validation would be transparent to the
user, allowing him/her to access to the educational
resource.
(b) User is not logged in, but if he/she is registered in
centralized authentication node: when user tries
to query the educational resource, a credential restriction will not allow him/her to query this

Scientiﬁc Programming

Client (web app)

User

12

False
False

Has token?

True
Has valid
token?

Get token
from a
refresh token

Redirect auth.
endpoint

Has old
token?

User agent (browser)

Start
(get resource)

False
Accept
permissions

Enter user
credentials

Auth. server

OAuth

A

True

Generate new
access token
from a refresh
token

True

Validate user
credentials

Generate auth.
code

Validate
result

B

C

User

Figure 9: OAuth 2.0 authorization code grant: ﬁrst part. Source: [55, 56].

A
Get token
from code

Save token

Do request
End

OAuth

Show data

B

Authenticate
request and
generate
access token

C

Get data

Figure 10: OAuth 2.0 authorization code grant: second part. Source: [55, 56].

resource, unless he/she accesses the application from
the centralized node or from the application itself.

and query the educational resources will be oﬀered
by the centralized node.

(c) User is neither logged nor registered: this case is
similar to the previous one; therefore, the process
will be the same. Additionally, an option to register

In a nutshell, metamodel design for the security dimension abstraction, and speciﬁcally diﬀerent LMS and
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Figure 11: Proposed SSO: UDistrital. Left: login. Right: access authorization (above) and logout conﬁrmation (below). Source: [57].
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authentication of integrated applications, is conﬁgured as a
strategy, which provides an authentication unifying model.
This model provides users with a single set of authenticating
factors, which authorize applications under them authenticated. However, task of integrating each authentication

scheme from diﬀerent LMSs, where each one handles its own
authentication model, is conﬁgured as restriction basis that
metamodel must carefully manage, so that entities, attributes, and messages exposed perform corresponding
mapping to each of the authentication instances. Derived
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from this, use of design patterns becomes a priority strategy
when designing models.
Brieﬂy, abstraction level oﬀered by MDA becomes a
useful tool when planning authentication scenarios, not only
for access and authorization in LMS, but in diﬀerent environments where applications are integrated and required
to simplify user identiﬁcation and authentication process.

6. Conclusion and Future Works
MDA, besides raising diﬀerent abstraction levels, which are
represented in models, allows the automatic code generation
using built models. For this purpose, MDA makes use of
metamodels, which correspond to a set of domain concepts
to be modeled and the existing relationships between them,
deﬁned in an abstract way. The metamodels allow carrying
out a better abstraction of the knowledge domain, through
the identiﬁcation of concepts, rules, restrictions, etc., which
operate in the domain, facilitating their understanding.
Regarding the main aspects to be taken into account for the
authentication metamodel deﬁnition for accessing the LMS,
and the use of linked open educational resources, for the model
back-end, the metamodel should consider (1) the identiﬁcation
and characterization of the authentication schemes from the
diﬀerent applications that are to be integrated and (2) the
authentication factors identiﬁcation and the mechanisms used
to carry out this task. These elements provide relevant criteria
and restrictions that are raised in the metamodel. These criteria
are implemented in the design of the proposed model, through
(a) entities that participate in the authentication process, (b)
attributes or authentication factors which are mapped to different schemes, and (c) messages which are sent and received
among diﬀerent entities that participate in model instances.
Regarding the model's front-end, the metamodel must
consider the parameterization of restrictions on authentication factors, which are requested from the user. Using this
parameterization process, the factors can meet all necessary
requirements in order to be mapped, by the integrated
authentication unit, with each application authentication
scheme, which are integrated into the model.
In the authentication metamodel, the linked educational
resources taxonomy, or the metadata provided, is not
considered relevant, since at this level what is sought is to
provide an access and authorization mechanism to the
platforms that manage those resources. In the generation of
model instances, considerations such as the following should
be taken into account:
(i) With a single authentication point, authentication
factors that authorize access and use of resources in
diﬀerent platforms are provided, according to the
deﬁned proﬁles. Therefore, the use of stronger authentication mechanisms should be considered, such
as the use of multifactor authentication methods,
which prevent unauthorized users from accessing
information and resources that only have a password
as an authentication factor.
(ii) In the authentication process, only information
about the user’s identity is provided. Authorizations

about what is visible to each user should be veriﬁed
separately in each application.
Taking into account the above, the use of metamodels for
the authentication abstraction is conﬁgured as a strategy of
the knowledge domain representation, which will allow to
deﬁne restrictions and necessary components so that an
administrator can add new authentication mechanisms, in
addition to providing new applications to the model that
implements these authentication mechanisms. Future works
are proposed (a) to extend the metamodeling process to the
other linked data quality dimensions, proposed in the
framework research of this project; (b) to design a metamodel for the process of generating data models for linked
open educational resources, based on linked data quality
dimensions; and (c) to carry out the framework implementation, which allows veriﬁcation of the proposed metamodel for the linked open educational resources; and
ﬁnally, to develop a machine learning solution to measure
the level of trust in diﬀerent queried repositories, after
validation of access credentials.
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Linked Data is also being worked as a research topic of the
GIIRA Research Group.

Conflicts of Interest
The authors declare that they have no conﬂicts of interest.

References
[1] A. Kleppe, J. Warmer, and W. Bast, MDA Explained: The
Model Driven Architecture: Practice and Promise, Addisonesley, Boston, MA, USA, 2003, ISBN: 0-321-19442-X,
https://dl.acm.org/citation.cfm?id=829557.
[2] Z. Bizonova, D. Ranc, and M. Drozdova, “Model driven
e-learning platform integration,” in Proceedings of CEUR
Workshop, Busan, Korea, November 2007, http://ceur-ws.org/
Vol-288/p02.pdf.
[3] V. Garcı́a-Dı́az, J. Tolosa, B. G-Bustelo, E. Palacios-González,
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Class imbalance is an important problem, encountered in machine learning applications, where one class (named as, the minority
class) has extremely small number of instances and the other class (referred as, the majority class) has immense quantity of
instances. Imbalanced datasets can be of great importance in several real-world applications, including medical diagnosis,
malware detection, anomaly identiﬁcation, bankruptcy prediction, and spam ﬁltering. In this paper, we present a consensus
clustering based-undersampling approach to imbalanced learning. In this scheme, the number of instances in the majority class
was undersampled by utilizing a consensus clustering-based scheme. In the empirical analysis, 44 small-scale and 2 large-scale
imbalanced classiﬁcation benchmarks have been utilized. In the consensus clustering schemes, ﬁve clustering algorithms (namely,
k-means, k-modes, k-means++, self-organizing maps, and DIANA algorithm) and their combinations were taken into consideration. In the classiﬁcation phase, ﬁve supervised learning methods (namely, naı̈ve Bayes, logistic regression, support vector
machines, random forests, and k-nearest neighbor algorithm) and three ensemble learner methods (namely, AdaBoost, bagging,
and random subspace algorithm) were utilized. The empirical results indicate that the proposed heterogeneous consensus
clustering-based undersampling scheme yields better predictive performance.

1. Introduction
Class imbalance is an important research problem in
machine learning, where the proportion of instances belonging to one class (referred as, the minority class) is
extremely small, whereas the proportion of instances of the
other class or classes (referred as, the majority class) is
extremely high. Imbalanced datasets pose several challenges to the conventional supervised learning methods.
Conventional supervised learning methods (such as support vector machines and decision trees) can build viable
classiﬁcation models for balanced datasets. Since imbalanced datasets suﬀer from outnumbering the instances of
majority class and underrepresenting the instances of
minority class, skewed distributions may lead to degradation of predictive performance [1, 2]. Supervised
learning process is based on the use of global evaluation
measures (such as classiﬁcation accuracy). Hence, learning
from imbalanced datasets can have bias towards the

majority class, and classiﬁcation models may tend to
misclassify the instances of minority class [3]. Supervised
learning algorithms may regard the instances of minority
class as noise or outlier, and noisy data and outlier may be
regarded as the instances of minority class [4]. In addition,
classiﬁcation models for datasets with skewed sample
distributions may be challenging to learn due to the
overlapping nature of the instances of minority class with
the instances of other classes [5].
Imbalanced datasets can be encountered in several
real-world problems and applications, including software
fault identiﬁcation [6], medical diagnosis [7], malware
detection [8], anomaly identiﬁcation [9], bankruptcy
prediction [10], and spam ﬁltering [11]. For data mining
problems mentioned in advance, the number of instances
for minority class is scarce. However, the identiﬁcation of
the instances of minority class may be more critical. For
instance, the misclassiﬁcation of cancerous (malignant)
tumors as noncancerous (benign) in medical diagnosis can
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have severe eﬀects. Similarly, the number of instances for
fraudulent transactions can be scarce. However, it is
critical to build prediction models that can identify
fraudulent transactions in ﬁnance. Hence, handling imbalanced datasets properly is an important research
problem in machine learning.
To deal eﬃciently with the datasets with imbalanced
distribution and to build robust and eﬃcient classiﬁcation
schemes, data preprocessing methods have been utilized in
conjunction with machine learning algorithms. The
methods utilized to tackle with class imbalance problem
can be mainly divided into four categories as algorithm
level approaches, data-level approaches, cost-sensitive
approaches, and ensemble learning-based approaches
[12]. Algorithm level approaches seek to adapt supervised
learning algorithms to bias learning towards the instances
of minority class [13]. Data-level approaches seek to
rebalance the instances of the imbalanced dataset so that
the eﬀects of skewed distributions can be eliminated in the
learning process [14]. In order to do so, data-level approaches utilize resampling on the training datasets. Costsensitive approaches aim at minimizing total cost of errors
for minority and majority classes by deﬁning misclassiﬁcation costs [15]. In addition, ensemble learningbased approaches have been also utilized for class imbalance. Ensemble classiﬁers aim at enhancing the predictive
performance of a single learning algorithm by combining
the predictions of several learning algorithms. In ensemble
approaches to imbalanced learning, several strategies (such
as bagging and undersampling, undersampling and costsensitive learning, boosting and resampling) have been
combined [12]. In data-level approaches, data preprocessing and learning process of supervised learning
algorithm are handled independently. In addition, compared to the cost-sensitive approaches, which involve to set
cost matrix for imbalanced datasets, data-level preprocessing (resampling) is a viable tool to apply for researchers who are not expert in the ﬁeld [1]. Hence,
regarding diﬀerent approaches to imbalanced learning,
data-level approaches, which are based on resampling the
imbalanced datasets, are frequently employed. The two
main directions on data-level approaches are undersampling and oversampling. In order to obtain a dataset
with balanced class distribution, the original imbalanced
dataset can be resampled by oversampling the minority
class or undersampling the majority class [16, 17]. In addition, there are several hybrid approaches, which combine
undersampling and oversampling methods, such as
SMOTEBoost, OverBagging, and UnderBagging [18–20].
Compared to the oversampling, undersampling yields
better predictive performance [21]. However, undersampling may result in elimination of some useful representative instances of majority class [22]. Hence, the
identiﬁcation of useful representative instances in undersampling is of great performance to the predictive performance of supervised learning algorithms on imbalanced
learning. In response, clustering methods can be utilized to
identify useful representative instances of majority class in
undersampling for imbalanced learning [23–25].
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In this paper, we present a consensus clustering-based
undersampling approach to imbalanced learning. In this
scheme, the number of instances in the majority class was
undersampled by utilizing a consensus clustering-based
scheme. There are a large number of clustering algorithms in the literature. However, there is no single clustering algorithm that can yield the best clustering results
under all scenarios, as the no free lunch theorem claims
[26]. In this regard, the presented scheme aims at combining the decisions of diﬀerent clustering algorithms, to
overcome the limitations of individual clustering algorithms to achieve more robust/eﬃcient clustering results.
In this way, the presented scheme aims at identifying better
representative instances of majority class in undersampling
for imbalanced learning. In the empirical analysis, 44
small-scale and 2 large-scale imbalanced classiﬁcation
(with imbalance ratios ranged between 1.8 and 163.19)
were utilized. In the empirical analysis, the predictive
performances of two clustering-based framework (namely,
homogeneous and heterogeneous consensus clustering
schemes) were compared with three data-level methods
(namely, SMOTEBoost algorithm [16], RUSBoost [27], and
underBagging algorithm [28, 29]). In the consensus clustering schemes, ﬁve clustering algorithms (namely, kmeans, k-modes [30], k-means++ [31], self-organizing
maps [32], and DIANA algorithm [33] and their combinations were taken into consideration. In the classiﬁcation
phase, ﬁve supervised learning methods (namely, naı̈ve
Bayes, logistic regression, support vector machines, random forests, and k-nearest neighbor algorithm) and three
ensemble learner methods (namely, AdaBoost, bagging,
and random subspace algorithm) were utilized. The empirical results indicate that the proposed heterogeneous
consensus clustering-based undersampling scheme yields
better predictive performance. To the best of our knowledge, the presented scheme is the ﬁrst to use the paradigm
of consensus clustering for imbalanced learning. The remainder of this paper is organized as follows. Section 2
brieﬂy reviews the state of the art in imbalanced learning.
Section 3 presents the proposed consensus clustering
based-undersampling schemes. Section 4 presents the
empirical analysis results, and Section 5 presents the
concluding remarks.

2. Related Works
Imbalanced learning has attracted great research interest. As
mentioned in advance, the methods to deal with imbalanced
datasets can be broadly categorized as data-level methods,
algorithm level methods, cost-sensitive methods, and ensemble learning-based methods. Compared to the other
approaches, data-level approaches have greater potential use
on imbalanced learning since they seek to improve the
distribution of datasets, rather than relying on supervised
learning-based enhancements [34]. This section brieﬂy reviews the related work on imbalanced learning with emphasis on data-level approaches. Data-level approaches
(sampling methods) can be mainly divided into two categories as undersampling and oversampling. Oversampling
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and undersampling approaches can be employed eﬀectively
for class imbalance.
Oversampling approaches aim at obtaining a balanced
dataset by generating synthetic instances for the minority
class. In contrast, undersampling approaches aim at
obtaining a balanced dataset by removing the instances of
the majority class from the training set. For instance,
Anand et al. [35] introduced a distance-based undersampling approach for class imbalance. Supervised learning methods can easily construct learning models for
instances that are far from the decision boundaries. In
response, the presented scheme aims at eliminating the
instances of majority class that are far from decision
boundaries, while preserving the instances near to the
decision boundaries in the training set. In this way, the
balanced training set was constructed and the balanced
dataset was utilized in conjunction with the weighted
support vector machines. Similarly, Li et al. [36] utilized
vector quantization algorithm to decrease the instances of
majority class. The presented scheme employed support
vector machines for imbalanced learning. In another study,
Kumar et al. [37] empirically examined the eﬀect of
undersampling on the performance of clustering algorithms. In another study, Sun et al. [22] presented an
ensemble classiﬁcation scheme based on undersampling for
imbalanced learning. In the presented scheme, the instances of majority class were ﬁrst divided into several
partitions with similar number of instances with the minority class. In this way, balanced datasets were generated.
The balanced datasets were trained on binary classiﬁers to
build classiﬁcation models. Finally, the predictions of binary classiﬁers were combined by an ensemble scheme to
identify the ﬁnal outcome. In another study, D’Addabbo
and Maglietta [38] presented a selective sampling-based
approach for imbalanced learning. Based on the observation that the instances near to decision boundaries are
relevant/critical, the instances of majority class near to
decision boundaries are preserved. In another study, Ha
and Lee [39] presented an evolutionary undersampling
scheme for class imbalance. In this scheme, genetic algorithm was utilized to select the informative instances of
majority class by minimizing the loss between the distributions between original and balanced datasets. In another
study, Lin et al. [24] introduced two clustering-based
undersampling schemes for imbalanced learning. In this
scheme, the number of clusters was determined based on
the number of instances of minority class, and k-means
algorithm was employed to undersample the instances of
majority class. More recently, Shobana and Battula [40]
presented an undersampling scheme based on diversiﬁed
distribution and clustering for imbalanced learning. In this
scheme, k-means algorithm was employed to identify and
remove rare instances and outliers.
In a recent study, Guo and Wei [41] presented a hybrid
scheme based on clustering and logistic regression for imbalanced learning. In the presented scheme, clustering was
utilized to partition instances of the majority class into
clusters. Similarly, Douzas et al. [42] integrated k-means
clustering algorithm and synthetic minority oversampling
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technique to eliminate noisy data and to eﬀectively obtain a
balanced dataset within classes. Recently, Han et al. [43]
presented a distribution-based approach for imbalanced
learning. In the presented scheme, the instances of minority
class were divided into groups as noisy instances, unstable
instances, boundary instances, and stable instances based on
the location information for the instances. The presented
scheme has been utilized to improve the predictive performance on medical diagnosis. In another study, Tsai et al.
[44] introduced an undersampling approach for imbalanced
learning, which integrates clustering analysis and instance
selection.
As mentioned in advance, undersampling is a simple
resampling strategy to deal with class imbalance problem.
However, undersampling may remove potentially useful/
informative instances of the majority class, which may lead
to the degradation of the predictive performance of classiﬁcation schemes. In this paper, a consensus clustering-based
framework is presented to identify the informative instances
of majority class through the use of a cluster ensemble
method.

3. Proposed Consensus Clustering-Based
Undersampling Framework
Undersampling and oversampling methods can be successfully employed for class imbalance. In order to obtain a
robust classiﬁcation scheme with high predictive performance, undersampling methods should retain useful and
informative representative instances of the majority class in
the training set. Clustering (cluster analysis) is an unsupervised technique which assigns similar instances
(objects) into the same cluster in terms of their proximity
or similarity. Hence, clustering algorithms can be
employed to identify useful instances of majority class in
undersampling. With the use of clustering on undersampling, the majority class yields a distribution of instances into clusters such that similar instances are grouped
together within the same cluster. One of the main problems
encountered in applying clustering algorithms is the selection of an appropriate algorithm for a given problem.
Each clustering algorithm has strong and weak characteristics, and the results obtained by clustering algorithms
are greatly inﬂuenced based on the characteristics of
dataset, parameters of algorithm, etc. The clustering algorithms suﬀer from instability, and the same clustering
algorithm can yield a particularly diﬀerent partition for
diﬀerent parameter settings. One possible solution to this
problem is to use multiple clustering algorithms on the
same dataset and to combine the outputs of individual
clustering algorithms. The process is referred as consensus
clustering (or cluster ensembles). Consensus clustering
aims at combining the clustering results of diﬀerent
clustering algorithms so that a ﬁnal clustering with better
clustering quality can be obtained [45]. In this paper, two
ensemble generation schemes are presented to undersample the instances of majority class based on consensus
clustering, namely, homogeneous and heterogeneous ensemble schemes are introduced.
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3.1. Consensus Function. Consensus clustering involves a
staged procedure: in Stage 1, cluster ensemble is generated, and in Stage 2, consensus function is utilized to
obtain the ﬁnal partition from the individual clustering
algorithms. There are direct approaches (such as simple
voting, incremental voting, and label correspondence
search), feature -based approaches (such as iterative
voting consensus, mixture model, clustering aggregation,
and quadratic mutual information), pairwise similaritybased approaches (such as agglomerative hierarchical
models), and graph-based approaches (such as clusterbased similarity partitioning algorithm and shared nearest
neighbors-based combiner) [45]. Motivated by the success
of clustering algorithms on imbalanced learning [24] and
the enhanced clustering quality obtained by consensus
clustering schemes [46], we seek to ﬁnd an eﬃcient
consensus clustering-based scheme for imbalanced
learning. In this regard, we have conducted an experimental analysis with several diﬀerent consensus functions.
Since the highest predictive performance is obtained by
direct approaches, of the wide range of consensus functions available, three consensus functions were chosen for
the study.

The process of incremental voting-based consensus is initialized with the construction of contingency matrix
Ω ∈ RK × K. The contingency matrix entries (Ω(l, l′ )) are
ﬁlled by the following equation [48]:
Ω l, l′  �  w xi ,
∀xi∈X

(3)

where w(xi ) � 1 if (Vg (xi , Lj ) ≥ 1) ∧ (Pg (xi , l′ ) � 1). Otherwise, it takes the value of 0. After obtaining the contingency matrix, the entries of matrix for the (g + 1)th partition
(denoted by Vg + 1) are computed as given by
Vg+1 xi , l � Vg xi , l + Pg+1 xi , l′ .

(4)

Based on the incremental combinations of M data
partitions, the consensus label of each data point xi ∈ X is
determined based on following equation [45]:
C∗ xi  � argmaxl VM xi , l.

(5)

3.1.1. Simple Voting Function (SV). Let πr denote the reference partition and let πg denote to be relabelled partitions,
a contingency matrix Ω ∈ RK × K is obtained, in which K
corresponds to the number of clusters. The contingency
matrix entries (Ω(l, l′)) are ﬁlled by co-occurrence statistics
computed based on the following equation [45,43]:

3.1.3. Label Correspondence Search. In label correspondence
search (LCS), the problem of correspondence is modelled as
an optimization problem [49]. The aim of the method is to
obtain a consensus partition such that overall agreement
among the diﬀerent partitions is maximized. Let R{c,s} denote
the vector representation of cluster c of system s. The k − th
element of R{c,s} represents the posterior probabilities of
cluster c for the data points. The agreement between clusters
{c, s} and {c′, s′} can be deﬁned as given by the following
equation:

Ω l, l′  �  w xi ,

g{c, s}, c′ , s′  � RT{c,s} · R{c′ ,s′ } .

∀xi∈X
r

(1)

g

where w(xi ) � 1 if (C (xi ) � l) ∧ (C (xi ) � l′ ) and w(xi ) �
0 otherwise. Based on the label correspondence obtained
based on equation (1), the aim of the simple voting consensus is to maximize the objective function, given by
K

K

  Ω l, l′ Θ l, l′ ,

(2)

l�1 l′ �1

where Θ(l, l′ ) ∈ RK×K is a label correspondence matrix
amongst the labels of partitions πr and πg . First, the reference partition (πr) is randomly selected among the partitions of the cluster ensemble. Then, the remaining
partitions are relabelled based on the reference partition by
following the procedure outlined above. Finally, a majority
voting scheme is employed to identify the consensus label of
each instance.

(6)

}
If a cluster c of system s is assigned to metacluster m, λ{{m
c,s}
}
takes the value of 1 and it takes the value of 0 otherwise. r{{m
c,s}
denotes the reward of assigning cluster c to metacluster m,
and it can be deﬁned as given by the following equation:
1
}
}
r{{m
g{c, s}, c′ , s′  ∈ I(m) ↔ λ{{m

c,s} �
c,s} ≠ 0.
|I(m)| ′ ′
{c ,s }∈I(m)
(7)

Based on equations (6) and (7), the objective of label
correspondence is to maximize the argument deﬁned in the
following equation [49]:
M

S Cs

} {m}
λ∗ � argmaxλ    λ{{m
c,s} r{c,s} ,

(8)

m�1 s�1 c�1

subject to
M

3.1.2. Incremental Voting Function (IV). In incremental
voting scheme (IV), data partitions are repeatedly added to
the cluster ensemble. Let Pg ∈ RN × K denote gth partition
g
(πg ∈ Π). Pg (xi , Ct ) takes the value of 1 if a data point
g
xi ∈ X belongs to cluster Ct ∈ πg . Otherwise, it takes the
value of 0. Let Vg denote the matrix of intermediate g
partitions (π 1 , . . . , πg ) and Vg (xi , Lj ) denote the number of
partitions in which label Lj is corresponds to data point xi .

}
 λ{{m
c,s} � 1, ∀c, s.

(9)

m�1

3.2. Homogeneous Consensus Clustering-Based Undersampling
Framework. Let D denote an imbalanced dataset with two
classes, where there is one class (referred as, the minority
class) containing the small number of instances and there is
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another class (referred as, the majority class) containing
extremely high quantity of instances. Let us denote the
number of instances corresponding to majority and minority classes as n and m, respectively. Initially, k-fold
cross-validation scheme is utilized for dividing the imbalanced dataset into subsets as training and test sets. Then,
the number of instances in the majority class (n) is
undersampled so that it contains equal number of instances to the minority class (m). In the undersampling,
homogeneous consensus clustering scheme is utilized
to undersample the majority class. Clustering algorithms
require the number of clusters as the input parameter. We
adopted the clustering framework presented in [24]. Hence,
the number of instances in the minority class (m) is taken as
the number of clusters (k). In homogeneous consensus
clustering scheme, the same clustering algorithm is utilized
as the base clustering algorithm, with diﬀerent parameter
settings. In this scheme, ﬁve clustering algorithms (namely,
k-means, k-modes, k-means++, self-organizing maps,
and DIANA algorithm) are utilized as the base clustering
algorithms.
In this way, diversiﬁed partitions are obtained by the
base clustering algorithms. The partitions obtained by the
base clustering algorithms are combined by consensus
function to obtain the ﬁnal partition. For obtaining ﬁnal
partition with consensus function, three consensus
functions (namely, simple voting function, incremental
voting function, and label correspondence search algorithm) are utilized. The center of each cluster of the ﬁnal
partition is selected as the instance for the majority class.
In this way, a balanced training set is obtained. The
balanced training set is utilized to train supervised
learning algorithms (namely, naı̈ve Bayes, logistic regression, support vector machines, random forests, and knearest neighbor algorithm) and ensemble learning
methods (namely, AdaBoost, bagging, and random subspace algorithm). The general stages of this scheme is
depicted in Figure 1. In Figure 2, the general steps of
homogeneous consensus clustering-based undersampling
scheme (CONS1) are outlined.
3.3. Heterogeneous Consensus Clustering-Based Undersampling
Framework. In heterogeneous consensus clustering
scheme (CONS2), diversity among the clustering algorithms is achieved with the use of diﬀerent clustering
algorithms as the base clustering algorithms. As stated in
advance, each clustering algorithm has its own strengths
and weaknesses and can yield promising results on different datasets. The partitions obtained by diﬀerent
clustering algorithms may complement each other and can
yield higher clustering quality. The heterogeneous consensus clustering-based undersampling framework follows
the same stages as outlined in Figure 1. The only diﬀerence
is that the heterogeneous consensus clustering framework
utilizes 5 diﬀerent clustering algorithms, as the base
clustering algorithms, whereas the homogeneous consensus clustering framework utilizes the same clustering
algorithm with diﬀerent parameter settings, as the base
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clustering algorithms. The general structure of heterogeneous consensus clustering-based undersampling scheme
is summarized in Figure 3. In the heterogeneous consensus
clustering-based undersampling scheme, k-fold crossvalidation is employed for dividing the imbalanced
dataset into training set and test set. Then, the number of
instances in the majority class is undersampled with the
use of heterogeneous consensus clustering scheme. In this
scheme, diﬀerent clustering algorithms are utilized as
the base clustering algorithms. The presented scheme
can be conﬁgured with diﬀerent clustering algorithms,
yet, we have combined the ﬁve base clustering algorithms
(namely, K-means, K-modes, K-means++, self-organizing
maps, and DIANA algorithm). The partitions obtained by
diﬀerent clustering algorithms are combined by the
consensus function. The center of each cluster of the ﬁnal
partition is selected as the instance for the majority class.
In this way, a balanced training set is obtained. The predictive performance of undersampling scheme is examined
with the use of supervised learning methods and ensemble
learning methods.

4. Experimental Analysis and Results
This section presents the empirical analysis of the proposed
consensus clustering-based undersampling schemes.
4.1. Datasets. To examine the eﬀectiveness of the proposed
undersampling approaches, we have utilized 44 small-scale
and 2 large-scale imbalanced classiﬁcation benchmarks.
The imbalanced classiﬁcation benchmarks were utilized in
Galar et al. [12]. The imbalance ratios of small-scale
benchmarks range from 1.8 to 129, and the number of
instances ranges from 130 to 5500. The imbalance ratios of
large-scale benchmarks range from 111.46 to 163.19, and
the number of instances ranges from 102294 to 145751.
For obtaining test and training sets for the supervised
learning methods, we utilized k-fold cross-validation
scheme, where we were partitioned the 80% and 20%
training and testing sets with 5-fold cross-validation
scheme. The basic descriptive information regarding the
imbalanced classiﬁcation benchmarks is presented in
Table 1.
4.2. Experimental Procedure. In the empirical analysis, the
presented consensus clustering-based undersampling schemes
have been compared by seven state-of-the-art methods. The
utilized methods in the analysis include UnderBagging4
(UB4), UnderBagging24 (UB24), RusBoost1 (Rus1), SMOTEBagging4 (SBAG4), UnderBagging1 (UB1), clusteringbased undersampling based on cluster centers (Centers),
and clustering-based undersampling based on the nearest
neighbors of cluster centers (Centers_NN) [12, 24]. In order to
examine the predictive performance changes obtained by data
balancing strategies, the results obtained by C4.5 algorithm
without data balancing have also been presented as the
baseline results. In the consensus clustering schemes, ﬁve
clustering algorithms (namely, k-means, k-modes, k-means++,
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K-fold cross-validation
Imbalanced
dataset

Testing set

Training set

Minority class

Consensus clusteringbased undersampling

Majority class

Base clustering
algorithm 1

Base clustering
algorithm 2

...

Base clustering
algorithm N

Partition 1

Partition 2

...

Partition N

Consensus function

Final aggregated partition

Select instances of majority class

Balanced
dataset
Ensemble classiﬁcation scheme
Supervised
learner 1

Supervised
learner 2

...

Supervised
learner M

Prediction

Figure 1: Homogeneous consensus clustering-based undersampling scheme (CONS1).

self-organizing maps, and DIANA algorithm) and their
combinations were taken into consideration. In the classiﬁcation phase, ﬁve supervised learning methods (namely, naı̈ve
Bayes, logistic regression, support vector machines, random
forests, and k-nearest neighbor algorithm) and three ensemble
learner methods (namely, AdaBoost, bagging, and random
subspace algorithm) were utilized. In the empirical analysis,
area under roc curve was utilized as the evaluation metric. For
the supervised learning methods and state-of-the-art data
preprocessing methods, the default parameters were
employed. For the homogeneous consensus clustering-based

undersampling scheme, i parameter (the number of base
clustering algorithms) is taken as ﬁve.
4.3. Experimental Results and Discussions. In Table 2, average AUC values of the state-of-the-art methods and
conventional clustering algorithms (namely, K-means, Kmeans++, K-modes, self-organizing maps, and DIANA algorithm) are presented. As it can be observed from the
results presented in Table 2, the application of data balancing
strategies enhance the predictive performance in terms of
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Input: An imbalanced dataset D
Output: A classification model obtained from a balanced dataset D′
Undersampling Phase
1. Let n denote the number instances of the majority class in the training set and let m
denote the number of instances of the minority class in the training set.
2. Let i denote user-defined parameter for the number of base clustering algorithms in
homogeneous clustering scheme.
3. Utilize k-fold cross validation scheme to divide D into training and test sets.
4. Set the number of clusters equal to m.
5. Apply i times the same clustering algorithm (K-means, K-modes, K-means++, selforganizing maps or DIANA algorithm) on the instances of majority class of training set
to undersample the majority class.
6. Obtain the partitions of base clustering algorithms on the majority class.
7. Obtain the final partition from the individual clustering algorithms by employing
consensus function (simple voting function, incremental voting function or label
correspondence search algorithm).
8. Compute the center of each cluster of the final partition.
9. Take cluster centers of the final partition as the instances of the majority class.
10. Combine the instances of majority class and the instances of minority class to obtain
the balanced training set D′.
Classification Phase
1. Employ supervised learning algorithms (Naïve Bayes, logistic regression, support
vector machines, random forests and k-nearest neighbor algorithm) and ensemble
learners (AdaBoost, Bagging and Random Subspace method) on the balanced
training set D′.
2. Use test set to evaluate the predictive performance of supervised learning methods in
terms of area under roc curve and classification accuracy.

Figure 2: The general structure of the homogeneous consensus clustering-based undersampling scheme (CONS1).

Input: An imbalanced dataset D
Output: A classification model obtained from a balanced dataset D′
Undersampling Phase
1. Let n denote the number instances of the majority class in the training set and let
m denote the number of instances of the minority class in the training set.
2. Utilize k-fold cross validation scheme to divide D into training and test sets.
3. Set the number of clusters equal to m.
4. Apply five different clustering algorithm (K-means, K-modes, K-means++, selforganizing maps and DIANA algorithm) on the instances of majority class of
training set to undersample the majority class.
5. Obtain the partitions of base clustering algorithms on the majority class.
6. Obtain the final partition from the individual clustering algorithms by employing
consensus function (simple voting function, incremental voting function or label
correspondence search algorithm).
7. Compute the center of each cluster of the final partition.
8. Take cluster centers of the final partition as the instances of the majority class.
9. Combine the instances of majority class and the instances of minority class to
obtain the balanced training set D′.
Classification Phase
1. Employ supervised learning algorithms (Naïve Bayes, logistic regression, support
vector machines, random forests and k-nearest neighbor algorithm) and
ensemble learners (AdaBoost, Bagging and Random Subspace method) on the
balanced training set D′.
2. Use test set to evaluate the predictive performance of supervised learning
methods in terms of area under roc curve and classification accuracy.

Figure 3: The general structure of the heterogeneous consensus clustering-based undersampling scheme (CONS2).

AUC values. The lowest average AUC values obtained by
C4.5 algorithm without data balancing have been applied.
The highest average AUC values are generally obtained by

UnderBagging4 algorithm, and the second highest average
AUC values are generally obtained by UnderBagging24
algorithm. In the empirical analysis, ﬁve base clustering
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Table 1: Descriptive information for the datasets [12, 24].

Dataset
Small-scale datasets
Abalone9-18
Abalone19
Ecoli-0_vs_1
Ecoli-0-1-37_vs_2-6
Ecoli1
Ecoli2
Ecoli3
Ecoli4
Glass0
Glass0123vs456
Glass016vs2
Glass016vs5
Glass1
Glass2
Glass4
Glass5
Glass6
Haberman
Iris0
New-thyroid1
New-thyroid2
Page-blocks0
Page-blocks13vs2
Pima
Segment
Shuttle0vs4
Shuttle2vs4
Vehicle0
Vehicle1
Vehicle2
Vehicle3
Vowel0
Wisconsin
Yeast05679vs4
Yeast1
Yeast1vs7
Yeast1289vs7
Yeast1458vs7
Yeast2vs4
Yeast2vs8
Yeast3
Yeast4
Yeast5
Yeast6
Large-scale datasets
Breast cancer
Protein homology
prediction

Number of data
samples

Number of
features

Imbalance
ratio

731
4174
220

8
8
7

16.68
128.87
1.86

281

7

39.15

336
336
336
336
214
192
184
214
214
214
214
214
214
306
150
215
215
5472
472
768
2308
1829
129
846
846
846
846
988
683
528
1484
459
947
693
514
482
1484
1484
1484
1484

7
7
7
7
9
9
9
9
9
9
9
9
9
3
4
5
5
10
10
8
19
9
9
18
18
18
18
13
9
8
8
8
8
8
8
8
8
8
8
8

3.36
5.46
8.19
13.84
3.19
10.29
19.44
1.82
10.39
15.47
22.81
22.81
6.38
2.68
2
5.14
4.92
8.77
15.85
1.9
6.01
13.87
20.5
3.23
2.52
2.52
2.52
10.1
1.86
9.35
2.46
13.87
30.56
22.1
9.08
23.1
8.11
28.41
32.78
39.15

102294

117

163.19

145751

74

111.46

algorithms have been taken into consideration. Among the
base clustering algorithms, the highest average AUC values
are obtained by DIANA clustering algorithm.
The homogeneous consensus clustering scheme utilizes
a single clustering algorithm (of the same type) as the base
clustering method. In the empirical analysis, ﬁve clustering
algorithms (namely, k-means, k-modes, k-means++, selforganizing maps, and DIANA algorithm) are considered as

the base clustering methods. For aggregating the clustering
results of individual clustering results, we considered three
consensus functions (namely, simple voting function, incremental voting function, and label correspondence
search algorithm). In this way, 15 diﬀerent homogeneous
consensus clustering-based schemes are evaluated for
imbalanced learning. In Table 3, average AUC values obtained by homogeneous consensus clustering schemes are
presented. Compared to the results presented in Table 2 for
conventional data-level methods and conventional
clustering-based schemes, homogeneous consensus clustering schemes yield better predictive performance in terms
of AUC values. Among the compared homogeneous
consensus clustering schemes, the highest predictive performance is obtained by utilizing self-organizing map algorithm as the base clustering algorithm. In this scheme,
simple voting function is employed as the consensus
function.
For the heterogeneous consensus clustering scheme, kmeans, k-modes, k-means++, self-organizing maps, and DIANA algorithm methods were utilized to identify individual
partitions. Similar to the homogeneous scheme, we considered
three consensus functions (namely, simple voting function,
incremental voting function, or label correspondence search
algorithm). In this way, 3 diﬀerent heterogeneous consensus
clustering-based schemes are taken into consideration. In
Table 4, average AUC values obtained by heterogeneous
consensus clustering schemes are presented. As it can be
observed from the results listed in Table 4, heterogeneous
consensus clustering schemes outperform homogeneous
consensus clustering schemes, conventional data-level
methods, and conventional clustering-based schemes. Regarding the average AUC values analyzed in the empirical
analysis, the highest predictive performance is obtained by
heterogeneous clustering scheme with label correspondence
search-based consensus function. The second highest predictive performance is obtained by heterogeneous clustering
scheme with simple voting-based consensus function.
In the classiﬁcation phase, ﬁve supervised learning
methods (namely, naı̈ve Bayes, logistic regression, support
vector machines, random forests, and k-nearest neighbor
algorithm) and three ensemble learner methods (namely,
AdaBoost, bagging, and random subspace algorithm) were
utilized. In order to summarize the main ﬁndings of the
empirical analysis, boxplots for undersampling methods and
supervised learning methods are presented in Figures 4 and
5, respectively.
As it can be observed from Figure 4, average AUC values
obtained from the presented heterogeneous clustering
scheme is higher compared to the conventional data-level
methods (p < 0.05). In Figure 5, the predictive performance
analysis of conventional supervised learning methods and
their ensembles are taken into consideration. As it can be
observed, ensemble learning methods yield higher predictive
performance in terms of AUC values compared to the
conventional supervised learning methods. The highest
predictive performance for supervised learning methods is
achieved by random subspace ensemble of random forest,
and the second highest predictive performance is obtained
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Table 2: Average AUC values of state-of-the-art methods with C4.5 classiﬁer.

Abalone19
Abalone9-18
Breast cancer
Ecoli-0_vs_1
Ecoli-0-1-3-7_vs_2-6
Ecoli1
Ecoli2
Ecoli3
Ecoli4
Glass0
Glass0123vs456
Glass016vs2
Glass016vs5
Glass1
Glass2
Glass4
Glass5
Glass6
Haberman
Iris0
New-thyroid1
New-thyroid2
Page-blocks0
Page-blocks13vs2
Pima
Segmemt0
Shuttle0vs4
Shuttle2vs4
Vehicle0
Vehicle1
Vehicle2
Vehicle3
Vowel0
Wisconsin
Yeast05679vs4
Yeast1
Yeast1289vs7
Yeast1458vs7
Yeast1vs7
Yeast2vs4
Yeast2vs8
Yeast3
Yeast4
Yeast5
Yeast6
Protein homology
prediction
Twitter-sentiment
Average

C4.5
0.500
0.598
0.867
0.983
0.748
0.859
0.864
0.728
0.844
0.817
0.916
0.594
0.894
0.740
0.719
0.754
0.898
0.813
0.576
0.990
0.914
0.937
0.922
0.998
0.701
0.983
0.997
0.950
0.930
0.672
0.956
0.664
0.971
0.945
0.680
0.664
0.616
0.500
0.628
0.831
0.525
0.860
0.614
0.883
0.712

UB4
0.721
0.719
0.927
0.980
0.745
0.900
0.884
0.908
0.888
0.814
0.904
0.754
0.943
0.737
0.769
0.846
0.949
0.904
0.664
0.990
0.964
0.958
0.958
0.978
0.760
0.988
1.000
1.000
0.952
0.787
0.964
0.802
0.947
0.960
0.794
0.722
0.734
0.606
0.786
0.936
0.783
0.934
0.855
0.952
0.869

UB24
0.680
0.710
0.929
0.980
0.781
0.902
0.881
0.894
0.899
0.824
0.917
0.625
0.943
0.752
0.706
0.871
0.949
0.926
0.668
0.980
0.969
0.938
0.959
0.975
0.753
0.986
1.000
1.000
0.954
0.761
0.964
0.784
0.947
0.971
0.814
0.721
0.689
0.617
0.773
0.929
0.747
0.944
0.854
0.956
0.878

Rus1 SBAG4 UB1 Centers Centers_NN KM KM++ KMOD SOM DIANA
0.631 0.572 0.695 0.639
0.648
0.743 0.744 0.744 0.745 0.745
0.693 0.745 0.710 0.699
0.704
0.769 0.769 0.769 0.769 0.770
0.929 0.925 0.922 0.889
0.914
0.839 0.847 0.854 0.845 0.857
0.969 0.983 0.969 0.983
0.983
0.920 0.910 0.950 0.880 0.920
0.794 0.828 0.726 0.715
0.726
0.774 0.774 0.775 0.775 0.775
0.883 0.900 0.898 0.895
0.923
0.810 0.820 0.820 0.830 0.0.840
0.899 0.888 0.870 0.864
0.878
0.800 0.810 0.820 0.820 0.830
0.856 0.885 0.882 0.847
0.900
0.800 0.810 0.820 0.820 0.830
0.942 0.933 0.891 0.905
0.862
0.800 0.810 0.810 0.820 0.820
0.813 0.839 0.818 0.772
0.744
0.780 0.780 0.780 0.780 0.780
0.930 0.946 0.894 0.914
0.902
0.810 0.810 0.820 0.830 0.840
0.617 0.559 0.636 0.645
0.708
0.773 0.773 0.773 0.773 0.774
0.989 0.866 0.943 0.943
0.943
0.810 0.820 0.830 0.840 0.850
0.763 0.728 0.748 0.713
0.647
0.734 0.737 0.739 0.739 0.739
0.780 0.779 0.758 0.658
0.756
0.783 0.783 0.783 0.783 0.783
0.915 0.874 0.853 0.651
0.803
0.800 0.800 0.800 0.800 0.810
0.943 0.878 0.949 0.888
0.949
0.820 0.830 0.840 0.840 0.850
0.918 0.931 0.885 0.858
0.847
0.800 0.800 0.810 0.810 0.820
0.655 0.656 0.658 0.620
0.595
0.715 0.715 0.716 0.717 0.718
0.990 0.980 0.990 0.990
0.990
0.940 0.950 0.960 0.890 0.940
0.958 0.975 0.955 0.938
0.947
0.820 0.830 0.830 0.840 0.850
0.938 0.961 0.947 0.938
0.924
0.810 0.820 0.820 0.830 0.840
0.948 0.953 0.952 0.934
0.958
0.820 0.850 0.850 0.850 0.860
0.987 0.988 0.975 0.911
0.992
0.980 0.980 0.980 0.930 0.950
0.726 0.751 0.758 0.753
0.727
0.776 0.776 0.776 0.776 0.777
0.993 0.994 0.985 0.981
0.980
0.890 0.890 0.910 0.870 0.900
1.000 1.000 1.000 1.000
1.000
1.000 1.000 0.990 0.980 0.950
1.000 1.000 0.988 1.000
0.988
0.920 0.940 0.950 0.880 0.930
0.958 0.965 0.945 0.942
0.948
0.820 0.830 0.840 0.840 0.850
0.747 0.769 0.765 0.722
0.703
0.767 0.768 0.768 0.768 0.768
0.970 0.966 0.957 0.942
0.956
0.820 0.840 0.840 0.850 0.860
0.765 0.763 0.764 0.757
0.731
0.778 0.778 0.778 0.778 0.778
0.943 0.988 0.944 0.941
0.910
0.810 0.820 0.820 0.830 0.840
0.964 0.960 0.957 0.945
0.945
0.820 0.820 0.830 0.840 0.850
0.803 0.818 0.782 0.756
0.769
0.826 0.826 0.826 0.826 0.826
0.719 0.734 0.716 0.741
0.738
0.779 0.779 0.779 0.779 0.779
0.721 0.658 0.675 0.632
0.700
0.754 0.755 0.755 0.755 0.755
0.567 0.623 0.563 0.559
0.603
0.727 0.727 0.728 0.728 0.730
0.715 0.697 0.747 0.660
0.704
0.770 0.770 0.770 0.771 0.771
0.933 0.897 0.940 0.914
0.882
0.800 0.810 0.820 0.820 0.830
0.789 0.784 0.761 0.629
0.778
0.826 0.826 0.827 0.827 0.827
0.925 0.944 0.940 0.901
0.926
0.810 0.820 0.830 0.840 0.840
0.812 0.773 0.860 0.722
0.857
0.800 0.810 0.810 0.810 0.820
0.959 0.962 0.964 0.954
0.960
0.840 0.870 0.910 0.860 0.870
0.823 0.836 0.864 0.691
0.818
0.800 0.800 0.810 0.810 0.820

0.922 0.956 0.961 0.956

0.945

0.952

0.928

0.947

0.820 0.828

0.835

0.840

0.850

0.962 0.979 0.978 0.980
0.801 0.870 0.865 0.862

0.981
0.859

0.976
0.858

0.966
0.826

0.979
0.847

0.903 0.914
0.815 0.821

0.927
0.826

0.888
0.820

0.909
0.828

by random subspace ensemble of support vector machines
(p < 0.05). Regarding the predictive performance of conventional clustering algorithms, naı̈ve Bayes demonstrated
the lowest predictive performance, whereas random forest
algorithm demonstrated the best (the highest) predictive
performance (p < 0.05).
In Figure 6, the conﬁdence intervals for the mean
values of average AUC values obtained by the compared
algorithms for a conﬁdence level of 95% are presented.
Based on the statistical signiﬁcances between the

compared results, Figure 6 is divided into two regions
denoted by red dashed line. As it can be observed from
Figure 6, the predictive performance diﬀerences obtained
by the proposed consensus clustering-based schemes are
statistically signiﬁcant.

5. Conclusion
Class imbalance is an important problem of machine
learning. Imbalanced datasets can be seen in a wide variety of

Abalone19
Abalone9-18
Breast cancer
Ecoli-0_vs_1
Ecoli-0-1-37_vs_2-6
Ecoli1
Ecoli2
Ecoli3
Ecoli4
Glass0
Glass0123vs456
Glass016vs2
Glass016vs5
Glass1
Glass2
Glass4
Glass5
Glass6
Haberman
Iris0
New-thyroid1
New-thyroid2
Page-blocks0
Pageblocks13vs2
Pima
Segmemt0
Shuttle0vs4
Shuttle2vs4
Vehicle0
Vehicle1
Vehicle2
Vehicle3
Vowel0
Wisconsin
Yeast05679vs4
Yeast1
Yeast1289vs7
Yeast1458vs7
Yeast1vs7
Yeast2vs4
Yeast2vs8
Yeast3
Yeast4
Yeast5

Method

Consensus
function

Simple
voting
CONS1
(KM++)
0.746
0.770
0.867
0.880

0.775

0.850
0.840
0.850
0.840
0.781
0.850
0.774
0.860
0.740
0.784
0.810
0.870
0.820
0.722
0.960
0.860
0.850
0.880

0.960

0.777
0.880
0.990
0.950
0.870
0.768
0.880
0.779
0.850
0.860
0.826
0.780
0.756
0.731
0.772
0.840
0.827
0.850
0.840
0.880

Simple
voting
CONS1
(KM)
0.746
0.770
0.855
0.870

0.775

0.850
0.830
0.840
0.830
0.780
0.840
0.774
0.850
0.740
0.784
0.800
0.850
0.820
0.718
0.900
0.850
0.850
0.860

0.960

0.777
0.870
0.980
0.890
0.850
0.768
0.860
0.779
0.840
0.850
0.826
0.779
0.756
0.730
0.771
0.840
0.827
0.850
0.830
0.870

0.777
0.890
0.980
0.920
0.880
0.768
0.880
0.779
0.850
0.870
0.826
0.780
0.756
0.731
0.772
0.850
0.827
0.860
0.840
0.890

0.950

0.850
0.850
0.850
0.840
0.781
0.850
0.774
0.860
0.740
0.784
0.800
0.880
0.840
0.722
0.930
0.870
0.850
0.890

0.775

Simple
voting
CONS1
(KMOD)
0.746
0.770
0.870
0.920

0.792
0.970
1.000
0.970
0.960
0.766
0.970
0.801
0.950
0.960
0.842
0.811
0.767
0.762
0.787
0.940
0.851
0.950
0.910
0.970

0.990

0.950
0.930
0.940
0.930
0.823
0.950
0.789
0.960
0.765
0.842
0.840
0.960
0.900
0.759
0.980
0.960
0.950
0.970

0.782

Simple
voting
CONS1
(SOM)
0.766
0.794
0.940
0.970

0.777
0.900
0.980
0.910
0.890
0.769
0.890
0.779
0.870
0.880
0.826
0.780
0.756
0.732
0.772
0.870
0.827
0.880
0.860
0.890

0.970

0.870
0.860
0.870
0.860
0.784
0.870
0.774
0.880
0.741
0.784
0.840
0.890
0.860
0.725
0.930
0.890
0.880
0.890

0.775

Simple
voting
CONS1
(DIANA)
0.747
0.770
0.882
0.900

0.790
0.900
0.990
0.910
0.890
0.760
0.900
0.799
0.870
0.880
0.842
0.809
0.757
0.732
0.782
0.870
0.850
0.870
0.860
0.900

0.940

0.870
0.860
0.870
0.860
0.822
0.870
0.786
0.880
0.742
0.842
0.800
0.890
0.860
0.725
0.910
0.880
0.870
0.900

0.778

Incremental
voting
CONS1
(KM)
0.747
0.792
0.879
0.910

0.790
0.920
0.970
0.940
0.900
0.761
0.900
0.799
0.880
0.890
0.842
0.810
0.757
0.733
0.783
0.870
0.850
0.890
0.870
0.910

0.950

0.880
0.870
0.870
0.870
0.822
0.880
0.787
0.890
0.743
0.842
0.840
0.900
0.860
0.725
0.950
0.900
0.880
0.910

0.779

Incremental
voting
CONS1
(KM++)
0.747
0.792
0.891
0.930

0.791
0.930
0.940
0.930
0.910
0.762
0.910
0.800
0.880
0.890
0.842
0.810
0.757
0.734
0.784
0.870
0.850
0.890
0.860
0.920

0.940

0.880
0.860
0.870
0.860
0.822
0.880
0.787
0.890
0.743
0.842
0.810
0.910
0.820
0.727
0.940
0.910
0.880
0.920

0.780

Incremental
voting
CONS1
(KMOD)
0.748
0.793
0.887
0.930

0.791
0.940
0.970
0.950
0.920
0.762
0.920
0.800
0.900
0.910
0.842
0.810
0.767
0.760
0.784
0.890
0.850
0.900
0.870
0.930

0.950

0.900
0.870
0.890
0.870
0.822
0.900
0.788
0.910
0.764
0.842
0.830
0.920
0.870
0.757
0.950
0.910
0.900
0.930

0.780

Incremental
voting
CONS1
(DIANA)
0.766
0.793
0.903
0.950

0.791
0.940
1.000
0.950
0.930
0.763
0.940
0.800
0.910
0.930
0.842
0.810
0.767
0.762
0.785
0.900
0.851
0.920
0.880
0.940

0.970

0.910
0.890
0.900
0.890
0.823
0.900
0.788
0.920
0.765
0.842
0.800
0.930
0.820
0.757
0.950
0.930
0.920
0.940

0.780

CONS1
(KM)
0.766
0.793
0.909
0.950

LCS

0.792
0.950
1.000
0.960
0.940
0.763
0.950
0.801
0.910
0.940
0.842
0.811
0.767
0.762
0.785
0.900
0.851
0.930
0.890
0.950

0.990

0.920
0.900
0.900
0.890
0.823
0.900
0.789
0.940
0.765
0.842
0.820
0.940
0.880
0.758
0.960
0.940
0.930
0.950

0.781

Incremental
voting
CONS1
(SOM)
0.766
0.793
0.921
0.960

Table 3: Average AUC values of homogeneous clustering schemes with C4.5 classiﬁer.

0.792
0.960
0.980
0.960
0.950
0.765
0.950
0.801
0.920
0.950
0.842
0.811
0.767
0.762
0.786
0.910
0.851
0.930
0.900
0.950

0.980

0.930
0.910
0.910
0.910
0.823
0.910
0.789
0.940
0.765
0.842
0.850
0.950
0.890
0.758
0.970
0.950
0.930
0.950

0.781

CONS1
(KM++)
0.766
0.793
0.926
0.960

LCS

0.792
0.960
0.990
0.960
0.950
0.765
0.950
0.801
0.930
0.950
0.842
0.811
0.767
0.762
0.786
0.910
0.851
0.940
0.840
0.960

0.970

0.930
0.910
0.920
0.850
0.823
0.930
0.789
0.950
0.765
0.842
0.800
0.950
0.810
0.759
0.970
0.950
0.930
0.960

0.782

CONS1
(KMOD)
0.766
0.793
0.918
0.960

LCS

0.777
0.920
0.990
0.950
0.890
0.768
0.900
0.779
0.870
0.890
0.826
0.780
0.756
0.732
0.772
0.860
0.827
0.880
0.850
0.920

0.960

0.870
0.860
0.860
0.850
0.781
0.860
0.774
0.890
0.741
0.784
0.840
0.900
0.850
0.724
0.960
0.890
0.870
0.920

0.775

CONS1
(SOM)
0.746
0.770
0.888
0.940

LCS

0.792
0.980
1.000
0.980
0.970
0.766
0.970
0.803
0.940
0.960
0.842
0.813
0.770
0.762
0.787
0.920
0.851
0.960
0.840
0.980

0.990

0.950
0.910
0.940
0.850
0.824
0.940
0.790
0.960
0.765
0.842
0.810
0.970
0.820
0.759
0.990
0.970
0.960
0.970

0.788

CONS1
(DIANA)
0.766
0.811
0.931
0.980

LCS
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Consensus
function
Yeast6
Protein
homology
prediction
Twittersentiment
Average

Simple
voting
0.820

0.865

0.918

0.835

Simple
voting
0.810

0.850

0.896

0.826

0.837

0.917

0.875

Simple
voting
0.830

0.893

0.977

0.960

Simple
voting
0.850

0.845

0.918

0.888

Simple
voting
0.850

0.848

0.918

0.885

Incremental
voting
0.800

0.856

0.931

0.898

Incremental
voting
0.840

0.854

0.929

0.905

Incremental
voting
0.810

Table 3: Continued.

0.867

0.943

0.915

Incremental
voting
0.850

0.871

0.953

0.930

0.810

LCS

0.879

0.963

0.940

Incremental
voting
0.870

0.883

0.962

0.950

0.870

LCS

0.878

0.964

0.950

0.810

LCS

0.849

0.940

0.893

0.850

LCS

0.888

0.982

0.968

0.810

LCS
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Table 4: Average AUC values of heterogeneous clustering schemes
with C4.5 classiﬁer.
1.0
0.9
0.8
0.7
0.6

CONS2_LCS

Centers_NN

Centers

UB1

SBAG4

RUS1
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0.5

Methods

Figure 4: Boxplot distributions of AUC values for conventional
data balancing methods and the proposed scheme.
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0.803
0.970
0.970
0.843
0.813
0.770
0.762
0.787
0.950
0.851
0.970
0.880
0.980
0.820
0.970
0.988
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Figure 5: Boxplot distributions of AUC values for supervised
learning methods and ensemble methods.
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applications, including medical diagnosis, malware detection, anomaly identiﬁcation, bankruptcy prediction, and
spam ﬁltering. In order to build eﬃcient and robust classiﬁcation schemes, data preprocessing methods can be
utilized in conjunction with supervised learning methods.
Undersampling- and oversampling-based methods can be
successfully utilized for class imbalance. However, the
identiﬁcation of informative instances to be included in the
training set is a critical issue for undersampling. In this

Undersampling methods

Figure 6: Interval plots for the compared algorithms.
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regard, this paper empirically examines the predictive
performance of two consensus clustering-based undersampling schemes for imbalanced learning. In the empirical
analysis, 44 small-scale and 2 large-scale imbalanced classiﬁcation benchmarks (with imbalance ratios ranged between 1.8 and 163.19) were utilized. The experimental
analysis indicates that clustering-based undersampling
schemes can outperform conventional data-level preprocessing methods for class imbalance. In addition, consensus clustering, which aggregates the partitions of
individual clustering algorithms, can further enhance the
predictive performance of clustering-based undersampling
schemes.
There are a number of issues that should be beneﬁcial to
extend in the future. The presented consensus clustering
based undersampling scheme utilizes ﬁve clustering algorithms (namely, k-means, k-modes, k-means++, selforganizing maps, and DIANA algorithm). The clustering
algorithms have been integrated with the use of three
consensus functions, namely, simple voting-based consensus function, incremental voting function, and label correspondence search. Hence, the predictive performance of
other conventional and swarm-based clustering algorithms
(such as ant clustering, particle swarm-based clustering,
ﬁreﬂy clustering) can be examined for imbalanced learning.
In addition, recent proposals on the ﬁeld indicate that
imbalancing schemes which integrate instance selection and
clustering may yield higher predictive performance. Hence,
the performance of consensus clustering-based undersampling scheme should be taken into consideration in
conjunction with conventional instance selection methods.
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This paper addresses the problem of automatically customizing the sending of notiﬁcations in a nondisturbing way, that is, by
using only implicit-feedback. Then, we build a hybrid ﬁlter that combines text mining content ﬁltering and collaborative ﬁltering
to predict the notiﬁcations that are most interesting for each user. The content-based ﬁlter clusters notiﬁcations to ﬁnd content
with topics for which the user has shown interest. The collaborative ﬁlter increases diversity by discovering new topics of interest
for the user, because these are of interest to other users with similar concerns. The paper reports the result of measuring the
performance of this recommender and includes a validation of the topics-based approach used for content selection. Finally, we
demonstrate how the recommender uses implicit-feedback to personalize the content to be delivered to each user.

1. Introduction
Companies want to keep their customers informed about the
availability of new services and products. However, the
continuous sending of notiﬁcations to the user’s devices can
produce the opposite eﬀect [1] if these notiﬁcations end up
bothering users, who in turn ignore, remove, or block them
(Figure 1). To mitigate these adverse eﬀects, it is sensible to
be selective and only send the notiﬁcations that we are aware
that really interest each user. Machine-learning techniques
enable the analysis, summarization, and classiﬁcation of text
in a massive and automatic way. Therefore, this paper
surveys the use of these tools to identify which clients are
interested in which notiﬁcations.
The clues used to identify whether a notiﬁcation subject
matters to a user may be explicit or implicit [2]. The explicitfeedback constructs the user proﬁle by asking the users for
their personal characteristics and preferences for diﬀerent
topics or items. The implicit-feedback constructs the user
proﬁle by silently observing the behavior of the users
(e.g., the time spent on a page, the amount of scrolling, or the
number of mouse-clicks) and then inferring their rating [3].

Collecting explicit-feedback conﬂicts with modern marketing trends and policies. In particular, companies want to
maximize the user experience by minimizing the cognitive
eﬀort and information-ﬁlling burden during any web interaction. An interaction that should be especially agile is
registration, because this maximizes the number of new
users who complete their registration. However, this policy
results in collecting poor explicit-feedback.
This paper studies to which extent a recommender is able
to extract clues that signiﬁcantly improve the sending of
notiﬁcations when only implicit-feedback is available
(i.e., user actions which result in nondisturbing collection of
information). For this purpose, on one hand, we have developed mechanisms that translate the implicit-feedback
(i.e., user interactions) into topics of interest of the user.
On the other hand, we have applied machine-learning
techniques (i.e., text mining, summarization, and classiﬁcation) to extract the topics of each notiﬁcation. We hypothesize that these pieces of implicit-feedback, along with
the automatically classiﬁed notiﬁcations, enable us to select
the interesting notiﬁcations for each user. To analyze this
hypothesis, we have conducted an experimental evaluation.
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(a)

(b)

Figure 1: Examples of disturbing notiﬁcations. (a) Android notiﬁcation. (b) Web page campaign.

First, we have collected indicators that act as pieces of
implicit-feedback. Second, we have measured the performance of the recommender (i.e., the automatic recommendation system) implemented in our service and related
our ﬁndings with those of other state-of-the-art works.
This paper makes the following main contributions to
the ﬁeld:
(1) Determines to what extent implicit-feedback suﬃces
to make automatic recommendation of notiﬁcations.
(2) Develops a mechanism to determine the user preference for the notiﬁcations by iteratively reducing
dimensionality: terms, characteristic words, and
topics.
(3) Demonstrates how text mining, summarization, and
classiﬁcation techniques are eﬀectively combined to
create a hybrid ﬁlter: a collaborative + a contentbased ﬁlter that
(a) Mitigates the cold-start problem (a well-known
problem of collaborative ﬁlters) because once the
user has positively rated one notiﬁcation, we use
the content-based ﬁlter to start recommending
notiﬁcations of same topic.
(b) Eﬀectively integrates content similarity (the
content-based ﬁlter ﬁnds notiﬁcations with the
same topic) and diversity (the collaborative ﬁlter
ﬁnds users with the same tastes).
(c) Does not require explicit domain knowledge of
the items (as is the case of knowledge-based
techniques) and so does not require metadataannotated items.
(d) Completely automates customized notiﬁcation
sending, without any user intervention.
(4) Publishes the source code and the anonymized
dataset to enable future research and repetitiveness
of the reported experiments (https://github.com/
ifernandolopez/hybrid-ﬁlter).
The rest of this paper is organized as follows: Section 2
reviews comparable state-of-the-art recommenders and
background machine-learning techniques. Section 3 describes the proposed solution. Section 4 provides the design
of the experiments. Section 5 provides and discusses the
results of our approach and relates it to other approaches.

Finally, Section 6 presents the conclusions and possible
future work.

2. Literature Review
This section reviews related state-of-the-art recommenders
in several application domains, as well as the basis of
background machine-learning techniques used to conduct
this research.
2.1. State-of-the-Art. Recommenders are popular and widely
used. Well-known e-companies use them to improve the
user experience [2, 4]. There is a wide variety of items
recommend, including movies [5], books [2], music [6],
research articles [7], clothes [8], travels [9], events [10], and
many more.
Although these systems ﬁlter the relevant content and
improve the user’s satisfaction, some challenges remain; for
instance, nondisturbing the user with the feedback collecting
mechanism [11], monotonous recommendations [12], or the
cold-start problem [2, 13]. Regarding the ﬁrst challenge,
currently many recommending solutions still rely on the
explicit-feedback provided by the user, typically the user
ratings [14–18]. However, not every user is willing to provide
ratings, especially when ratings are optional. Moreover,
ratings may be biased by user’s contextual and emotional
states.
Implicit-feedback is also available. The combination of
both implicit-feedback and explicit-feedback may mitigate
the problem of lack of explicit ratings. Therefore, diﬀerent
systems in the literature use both types of feedbacks. For
example, the sports news recommender described in [19]
bases its recommendations on the user’s readings
(i.e., implicit-feedback) and ratings (i.e., explicit-feedback).
Bagherifard et al. [20] also use both implicit and explicitfeedback in a hybrid approach for movie recommendations,
though their solution uses ontologies. A hybrid and
ontology-based approach is surveyed in [17] using ratings
for news recommendations. Also, Agarwal and Singhal [21]
propose a solution based on a domain ontology, which uses
explicit and implicit data of users; the registered user provides the explicit information, while the implicit information
includes mouse behavior and user session data. The system
proposed in [22] retrieves keywords from external user and
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item sources to generate implicit-feedback to diminish the
cold-start problem.
However, although using implicit-feedback and explicitfeedback can enhance recommendations, there are situations in which users are not willing to provide explicitfeedback. Fortunately, there are abundant implicit data that
may serve to model the user preferences. In fact, there are
authors that target the problem where only implicitfeedback is provided [23, 24]. Núñez-Valdez et al. [24]
propose a system that converts implicit behavioral data into
explicit-feedback to recommend books. Typical user actions
are considered, such as highlighting content, adding notes,
or suggesting content to other contacts. The mobile application advertising recommender in [25] also follows the
approach of mapping the implicit-feedback (click, view,
download, and installation information) into explicit ratings. Besides, they use slowly changing features of the mobile
context for recommendations. The news recommender
described in [26] uses the clicks on news items to create the
user’s proﬁle. Also, Li and Li [27] use only user’s reading
actions for news recommendations, creating a hypergraph to
model correlations among items and implicit relations
among users. The system proposed by Zheng et al. [28] also
keeps track of users’ reading actions. Soft clustering is used
to group users to enrich the user proﬁle with general reading
interest and relates users with similar behavior. For each user
group, the system identiﬁes the latent topics, and creates
hierarchies. Lu et al. [29] consider implicit actions like
browsing, commenting, and publishing. They target scalability and data sparsity by using Jaccard K-means based
clustering technique. The users’ similarities are calculated
considering multiple dimensions, such as the user interactions with content and their eigenvectors of topics.
Extracting information from the users’ tweets is another
strategy to build the user’s models for recommendations
[30]. Gu et al. [31] propose an approach that uses content in
microblog or tweets of users and users’ social network
preferences (popularity) for news recommendations. Also,
content in microblogs is taken into account for recommendations by Zheng and Wang [32], but from a sentimental point of view. Retweeting of news are the implicit
activities considered in a content-based recommendation
system that models user trends [33].
The second abovementioned challenge relates to monotony in recommendations, which is inherent in pure
content-based approaches. Hybrid approaches target the
lack of diversity in recommendations by combining contentbased and collaborative ﬁltering. For instance, Lenhart and
Herzog [19] introduce a collaborative ﬁlter to target diversity
in their sport news recommender. The keywords are automatically obtained from the pieces of news, as well as from
the users’ reading data, and are used to estimate the interest
of users in topics and provide the content-based recommendation. All of this is complemented with a collaborativebased recommendation that uses users’ ratings. Li et al. [26]
use hierarchical clustering for grouping news articles and
long- and short-term user proﬁles based on clicks on news,
and they incorporate the absorbing random walk model to
achieve a diversity of topics in recommendations. Lastly,
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some systems provide and merge multiple recommendation
lists based on diﬀerent criteria to enhance diversiﬁcation,
which is called result diversiﬁcation [11].
While content-based approaches have the drawback of
monotony, they eﬀectively address the cold-start problem
[13]. On one hand, apart from facilitating diversity, a clear
advantage of collaborative-based approaches is that they do
not need domain speciﬁc data. However, collaborative ﬁltering alone suﬀers from the sparsity problem. On the other
hand, content-based ﬁltering is not very eﬀective in recommending news items, because usually users only read a
small part of these [17]. Therefore, our approach proposes
combining collaborative-based ﬁltering, which provides
diversity, with content-based ﬁltering, which mitigates the
cold-start problem, and addresses the sparsity problem
through aggregation and clustering techniques. In addition,
our content-based ﬁlter does not have domain-dependency,
as is the case with other approaches (e.g. [20]).
2.1.1. Datasets for Evaluation. This section reviews potential
datasets to evaluate the performance of recommendation
with notiﬁcations. Although we have not found a dataset of
users rating notiﬁcations, we have found some datasets of
users rating text documents. For instance, the authors of [34]
studied topic diversiﬁcation and have published their dataset
with 278,858 users providing ratings about 271,379 books.
The authors of [35] have studied dimensionality reduction
for oﬄine clustering, and they have published their dataset
with 4.1 million ratings of 100 jokes from 73,421 users.
Yahoo has published two datasets about news visits: “R6AYahoo! Front Page Today Module User Click Log Dataset,
version 1.0” and “R6B-Yahoo! Front Page Today Module
User Click Log Dataset, version 2.0” (https://webscope.
sandbox.yahoo.com/). The ﬁrst one includes 45,811,883
unique user visits to news articles displayed in the Featured
Tab of the Today Module on Yahoo! Front Page during ten
consecutive days. The second includes 15 consecutive days of
data gathering with 28,041,015 user visits to the same
module. Even though they are well populated with users’
interactions, they lack other types of interactions
(e.g., sharing, printing, skipping, and deletion). In addition,
the short periods cause the events to repeat themselves, thus
producing certain biases [13]. “Outbrain Click Prediction”
(https://www.kaggle.com/c/outbrain-click-prediction/data)
dataset also corresponds to a 2-week period, and its main
limitation is that it does not provide the content, but only
some semantic attributes of the documents.
In summary, after making this survey, we found that (1)
most of the studies are based in unmentioned or private
datasets [19, 21, 26–28, 36], and, what is worse, (2) we have
not been able to ﬁnd a public dataset of notiﬁcations, which
motivates our decision to collect and publish our own
dataset of user interactions with notiﬁcations (described in
Section 4.1).
2.2. Background Review. This section reviews the background machine-learning techniques used to conduct this
research.
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2.2.1. Preprocessing Text. The curse of dimensionality is a
well-known eﬀect in text mining [37] that occurs when there
are so many dimensions (diﬀerent words in our case) and
that the distance between two documents is always too far.
Text preprocessing is a suite of methods that facilitate text
analysis by eliminating uninformative text and reducing the
dimensionality of the features [38]. Among these techniques,
we ﬁnd
(1) Tokenization. Parsing the text to generate terms.
Although they are really diﬀerent concepts [39],
traditionally, in text mining term and word have been
used interchangeably, and we also do this in this
paper.
(2) Removing stop words. A stop word is a commonly
used word of a language (e.g., “the”, “for”, “a”). They
are the glue or link for more semantic words, and so
stop words give little information about the content
of the text. There exist lists of stop words for most
languages.
(3) Removing multiple spaces, numbers, and punctuation
symbols. Symbols provide little information when we
analyze tokenized words, but punctuation symbols
are useful if, for instance, we analyze phrases.
(4) Removing repeated text. Frequently, a document has
repeated texts such as headers, footers, or copyright
information that are removed to avoid outweighing
the importance of these words.
(5) Removing sparse terms. The words that appear just
once or a few times increase the dimensionality, and
their scarceness indicates a low relevance in the
document, so they can be removed. In particular,
removing words appearing only once in the whole
document is an eﬀective approach to remove misspelled words.
(6) Removing equivalences. To further reduce the dimension of the terms, terms with the same meaning
can be grouped, with techniques such as (a) lowercasing; (b) accent removal; (c) synonyms grouping, in
which a thesaurus is used to homogenize synonymous words; (d) stemming, which groups similar
words by removing the plurals, and after that it
reduces them to their root [40]; or (e) lemmatization,
which identiﬁes lexically or semantically similar
words [41].
2.2.2. Relationships between Words. Text is unstructured
data, so we have to capture its structure. The most common
ways to represent the relationships between words are the
following [42]:
(1) Bag of word. This is a simpliﬁed representation of a
document, in which only the number of occurrences
of each word is taken into account, but disregards the
order or the words.
(2) Word vector. This representation extends the idea of
bag of words by assigning a rating to each word in the
document. A popular rating is the number of times

each word occurs (the approach followed by the bag
of word). Below, we will describe a more eﬀective
rating technique named TF-IDF.
(3) Term Document Matrix (TDM). This representation
describes the frequency of each term by using a
matrix (Figure 2). For this purpose, we deﬁne a
vocabulary as all the words appearing in any of the
document. In this matrix, each row corresponds to a
vocabulary and each column to a document, that is,
each column is a word vector. Note that this representation requires a corpus, that is, a collection of
documents, one for each column. Some authors
transpose the TDM so that the rows correspond to
the vocabulary and columns correspond to the words
appearing in each document. This representation is
referred as Document Term Matrix (DTM).
(4) n-grams. This is a contiguous sequence of n terms for
considering the relationship between consecutive
words. The clustering of 2 or more words is named a
collocation. For instance, [43] has used n-grams
collocations and Markov Chains to determine the
probability of a word being followed by another
word and to identify common grammar mistakes.
2.2.3. Characteristic Words of a Document. A problem that
has been widely studied is how to ﬁnd the characteristic
words of a document (e.g., [44–47]). These characteristic
words can be used, for instance, to implement keywordbased document search.
A ﬁrst approximation is the Term Frequency (TF) [48].
This score counts the relative frequency of each term t in the
analyzed document d and selects as characteristic terms of
the document those with a higher frequency. That is, this
score merely selects those terms that maximize the following
TF(t, d) function, where |t ∈ d| is the number of times the
term appears in document d, and |d| is the number of terms
in the document d:
TF(t, d) �

|t ∈ d|
.
|d|

(1)

Note that the ratio in (1) compensates for the diﬀerences
in length of the analyzed documents, so that the TF score
only depends on the relative frequency of the term and not
on the size of the document.
The major problem with the TF is that words with higher
frequency tend to be the same in all documents, even if we
remove those words in a list of stop words. This eﬀect is an
empirical law known as Zipf’s law. The conclusion is that the
frequency of words is not the best way to ﬁnd the characteristic terms of a document.
An eﬀective and popular approach to ﬁnding the
characteristic words of a document within a corpus is the
TF-IDF score. The TF-IDF score has been frequently used
along with a clustering algorithm to classify text [49] or
decide on the topics of a corpus [50]. This score combines
the TF with the Inverse Document Frequency (IDF) to
choose the characteristic words of the document. The IDF
gives a higher score to rare terms using the following
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LDA assumes that each document is a mixture of a small
number of topics, and each topic is a mixture of a number of
words. Therefore, this one-to-many mapping implies an
overlap in both the topics of a document and the terms of a
topic.
In particular, the LDA algorithm performs Bayesian
inference on the observable variables (words and documents) to update the posterior probabilities of the initial
belief on the hidden latent variables (topics). The algorithm
produces a set of topics, the topic proportion for each topic,
and two posterior probabilities:

Term document matrix (TDM)
d1

d2

d3

d4

d5

Boat

1

0

1

0

0

Sand

0

0

1

1

0

See

1

2

1

1

2

Ship

2

1

0

0

0

Sun

0

0

3

1

0

Word vector

Figure 2: Relationship between word vector, TDM.

formula, by dividing the number of documents in the corpus
|D|, by the number of documents in the corpus where the
term t appears |t ∈ D|. This ratio is never less than 1, so the
logarithm is always positive:
|D|
.
|t ∈ D|

IDF(t, D) � ln

(2)

Note that in (2), D is uppercased to indicate that the
score is calculated with respect to the corpus of documents
and not the currently evaluated document d. The TF-IDF
score takes advantage of the fact that Zipf’s law does not only
apply to a document, but also to a corpus of documents.
Then, we can calculate the frequency of the words in a corpus
D and compare it with the frequency of the words in a
certain document d.
The TF-IDF score is the product of both indices (3), that
is, it is the product of the times that the term appears in our
document TF(t, d) and the infrequency of the term in the
general corpus IDF(t, D):
TF − IDF(t, d, D) � TF(t, d) · IDF(t, D).

(3)

The main reasons for the popularity of this score are the
following:
(1) It captures how speciﬁc the term t is for a given
document d only; therefore, it eﬀectively selects a
small set of rare words as characteristic words of the
document.
(2) It is not necessary to remove stop words. This is
because a very frequent term t receives an IDF(t) � 0
and so TF-IDF � TF(t) · 0 � 0.
(3) The accuracy of the selection can be improved with
stemming, as stemming groups words with the same
root.
2.2.4. Topic Modeling. Topic modeling is the area of machine
learning that applies unsupervised clustering techniques for
discovering the topic of a collection of documents. Latent
Dirichlet Allocation (LDA) [51, 52] is a popular topic
modeling method to summarize the meaning of the words
and documents (the observed variables) in hidden variables
(latent low-dimensional clusters). Its popularity is based on
its fuzzy clustering approach, in contrast with other hard
clustering methods such as Explicit Semantic Analysis [53].

(1) Beta probabilities are the estimates of the probability
of a word belonging to each topic. The more often a
word occurs in a topic, the higher the value of beta.
The words with higher beta probabilities in each
topic can be used to summarize the topics.
(2) Gamma probabilities. While learning topics, LDA
also learns topic proportions per document. The
gamma probabilities are the estimates of the proportion of words of a document that are generated by
each topic. The more the words of a document are
assigned to a topic, the higher the gamma value is.
2.2.5. Recommendation. A recommender is an automatic
information-retrieval ﬁlter that builds a model from the
user’s proﬁle and behavior to predict the rating or preference
that a user would have for an item. One type of recommender is a content-based ﬁlter [54], which uses the description of the item and the user proﬁle. That is, the
content-based ﬁlter basically decides the best-matching
between these two sets:
(1) Content, annotated with keywords that describe the
content itself.
(2) User proﬁle, in which keywords describe the user’s
preferences.
For instance, if the content is documents, the keywords
that describe this content may be inferred from the TF-IDF
score of their words. The keywords in a user’s proﬁle will
correspond to the query to the search engine. Sometimes
tagging is used to make the content and the user proﬁle
comparable (e.g., [55]). As the user visits content, the user’s
proﬁle is annotated with tags form the content.
Another popular type of recommender is a collaborative
ﬁlter. A collaborative ﬁlter [56] collects the preferences that a
large group of people have assigned to a group of items and
predicts the rating of a user for an item that has not been
rated yet. Usually, the collaborative ﬁlter operates in two
phases:
(1) Training phase. During this phase, we collect the
user’s preferences for particular items and create an
Item User Matrix (IUM), like the one shown in
Table 1. The rows of the IUM correspond to the items
i � {i1, i2, . . ., ik}, the columns correspond to the
individual users u � {u1, u2, . . ., up}, and the entries
correspond to the relevance that each user has
assigned to each item. Note that usually the IUM is a
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Table 1: Example of IUM with user ratings of some items created
during the training state.
u1
i1
i2
⋮
⋮
ik

u2

∗∗
∗
∗∗∗∗∗

...

up
∗∗

∗∗∗

∗∗∗
∗

∗∗∗∗

...
∗∗∗∗∗

∗∗

∗∗∗∗

∗∗∗
∗∗∗

∗∗

sparse matrix, that is, most items are not voted by
users. The basis of any collaborative ﬁlter is to ﬁnd
people with similar tastes. If user ui and user uj have
assigned similar ratings to a set of items, we assume
that they have similar tastes. If we now detect that ui
has assigned a rating to an item that uj has not rated,
we assume that the rating that ui assigns to this item
will be similar to that of uj.
(2) Exploitation phase. During this phase, we receive a
new item that a user has not rated, and the collaborative ﬁlter predicts the rating that this user will
assign to that item.
An issue that collaborative recommenders have is the socalled cold-start problem. In particular, the recommender
will not properly predict the rating of users when it has not
yet collected enough information. This issue occurs in two
cases: (a) when the user is new, so we do not have enough
information about the topics of interest of the user, and (b)
when the item is new, and we do not have enough ratings for
this item.
A hybrid recommender is a combination of contentbased and collaborative ﬁltering. The hybrid recommender takes advantage of both the representation of the
content as well as the similarities among users. One advantage of combining information is that this process can
produce a more informed prediction. Another advantage is
that it can reduce the cold-start problem by overweighing
the content analysis when an item has not received enough
ratings, and vice versa.
2.2.6. Evaluating Recommendations. Evaluating recommendation basically consists in measuring the ability of a
recommender to generalize current user’s rates for some
items to other unrated items.
Regarding the recommendation tasks to evaluate, Shani
and Gunawardana [57] describe diﬀerent approaches for the
evaluation: top-N recommendation, some good items, all
good items, rating prediction, utility optimization, etc. In
Sections 4.2 and 5.1, we have evaluated the classiﬁcation
performance of our proposal using the top-N recommendation approach. Top-N recommendation assumes that
there are a large number of items, but the user does not have
time to review all of them. Therefore, top-N recommendation aims to identify the N items that the user will most
probably accept. To this end, top-N recommendation orders
the items by predicted ratings and chooses the ﬁrst N.
Regarding the performance metrics, in a diﬀerent paper
[58], Shani and Gunawardana have proposed a set of metrics

to compare collaborative ﬁlters, such as accuracy, prediction,
recall, sensibility, speciﬁcity, utility, diversity, coverage, and
novelty. Section 4.2 justiﬁes the selection of the metrics used
in this research, which are introduced below. Table 2
summarizes the formulas for calculating these metrics:
(1) Accuracy. This is a measure of the closeness of
agreement between a prediction and its actual value
(whether the user has actually accepted it or not). It is
computed as the number of items correctly classiﬁed
(TP + TN) divided by the total number of items
analyzed (TP + TP + FP + FN).
(2) Precision. This is a measure of how reliable a recommendation is. It measures the proportion of
positive items correctly predicted as such (TP),
among all items that have been classiﬁed as positive
(TP + FP).
(3) Recall. This is a measure of how complete a result is.
It measures the proportion of positive items predicted as such (TP) among all items that are truly
positive (TP + FN), that is, among all recommendations that the user would have accepted.
Usually, a recommender aims to ﬁnd items of the class of
interest, that is, the items rated as positive, among all the
available items. The problem is that usually the items of the
class of interest are far less than the total number of items.
This problem is known as the class imbalance problem. The
accuracy alone is not enough to measure the performance of
the recommender suﬀering from the class imbalance
problem. This is because the recommender can reach a high
accuracy by simply predicting every item as nonrecommendable. When the class imbalance problem occurs,
precision is a more reliable metric since it only ponders
positive predictions. We can also detect that the recommender is recommending too little if the recall falls near to
0.0.

3. Proposed Solution
In this section, we describe the architecture of the service, as
well as our proposal of implicit indicators to be used. Then,
we describe how we have implemented the recommender,
how to compute each of the intermediate matrices and their
interpretation, and how to train and use the recommender.
3.1. Service Architecture. The architecture of a recommender
has a great impact in the way pieces of feedback are gathered
and how they are used. Therefore, this section summarizes
the architecture of the recommender that we have implemented. In particular, our recommender is a software-as-aservice (SaaS) application that helps organizations be polite
with their users by preventing the sending of notiﬁcations
that are not likely to interest them. Figure 3 shows the roles
involved in our service and the relationships between them.
In particular, there are three roles involved:
(i) Client company. This is the organization interested
in sending notiﬁcations to its users without

Scientiﬁc Programming

7

Table 2: Formulas for the selected performance measures.
Accuracy � TP + TN/TP + TN + FP + FN
Precision � TP/TP + FP

Recommendation provider

Client company

Recall � TP/TP + FN

Users

Figure 3: Service architecture (clipart source: pixabay.com).

disturbing them. Therefore, they do not want to
send notiﬁcations if they are not of interest to their
users. For example, a mobile application development company has a list of users. However, this is a
polite company, and so does not want to bother its
users by asking them to ﬁll out surveys, or sending
notiﬁcations that are not of their interest.
(ii) Client users. These are the users of the above client
company. Obtaining implicit-feedback on these
users can help send them only notiﬁcations of their
interest. For example, the mobile application can
collect information about the behavior of these
users without disturbing them with explicit
questions.
(iii) Recommendation provider. This is our classiﬁcation
service that this paper describes in more detail. The
client company provides implicit-feedback to our
recommendation provider. This feedback contains
the interactions of its users during past notiﬁcations
and corresponds to the training phase of our recommender. Given a new notiﬁcation, our service
returns both: (1) the top N notiﬁcations for each
user and (2) a numerical prediction rating (from 0
to 10) estimating the interest in the N notiﬁcations
for each user. The client company now has to decide
the N number of notiﬁcations to select to each user
and next from which threshold of numerical interest
rating to send the notiﬁcations to its users.
Note that this architecture facilitates the service being
implemented independently of the business model of the
client company. For example, notiﬁcations for a cinema may
be movies, and notiﬁcations for a repair shop may be

promotional discounts. In this model, the client company
subscribing to our SaaS forms a natural grouping of users,
and information is not shared between client companies.
The dashed line in Figure 3 indicates this lack of data sharing
between companies.
3.2. Selecting Implicit Interest Indicators. As motivated in
Section 1, we do not want to bother users asking for explicitfeedback (rating) about the content that they are interested
in. Conversely, we want to represent the value of the notiﬁcations for the user by mapping the user’s interactions to
numerical ratings indicators. We use the 1 to 5 Likert scale to
capture the level of interest-disinterest on a symmetric scale.
We have identiﬁed 5 sources of useful interaction (summarized in Table 3):
(1) Examination. The ﬁrst time the user opens a notiﬁcation, we increase the estimation of the interest of
the user in the content by increasing the rating of
that user in this notiﬁcation in +1.
(2) Reopening. If later on, the user reopens the notiﬁcation, this indicates that the user found its content
useful, and so we increase the rating by +1 for each
new reopening.
(3) Frequency. We overweigh the interest from users
with little examinations, with respect to a user who
examine notiﬁcations frequency.
(4) Fast reading. We underweigh the interest if we detect
a short reading time as an indicator of lower interest.
To detect it, we study the time until the next access.
(5) Printing. A user who prints a document is showing
interest in using it or reading it in more detail.
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Table 3: Implicit interest and disinterest indicators.

N Indicator
1 Examination
2 Reopening
3
4
5
6
7
8

Value (rating)
Add +1 for ﬁrst time it is open
Add +1 for subsequent reopening
Add +0.5 or −0.5 depending on whether the
Frequency number of exploration is above or below the
mean
Add −0.5 if we detect a reading time below
Fast reading
5 seconds
Add +1 as printing indicate interest in detailed
Printing
reading
Sharing
Add +1 for each time the user shares it
Skipping
Rate 2 (dislike)
Deletion
Rate 1 (strongly dislike)

(6) Sharing. The notiﬁcations are annotated with a
“share it” button. If the user shares a notiﬁcation, this
is an indicator that the notiﬁcation has value for the
person with whom the user is sharing it. Therefore,
we increase the notiﬁcation rating in +1 each time
the user presses the “share it” button.
(7) Skipping. If the users go through the summary of a
notiﬁcation without opening it, this is an indicator
that this content does not particularly interest them.
Therefore, we assign a rating of 2 (dislike) to the
notiﬁcations that the user has not opened.
(8) Deletion. Notiﬁcations are annotated with a “delete”
button. If the user makes the eﬀort of explicitly
deleting a notiﬁcation, this indicates that its content
not only is not of their interest, but somehow it is
disturbing or even oﬀending. Therefore, we assign a
rating of 1 (strongly dislike) to the notiﬁcations that
the user deletes.
The maximum rating that a notiﬁcation can receive is +5,
as this value is an enough indicator of high interest of the
user in this notiﬁcation.
Note that these indicators have been chosen to ease their
nondisturbing collection in diﬀerent web applications. Of
course, other more accurate indicators can and have been
used (e.g., reading time, mouse movements, and highlighting
content [2, 3]). However, the additional eﬀort of their collection in a web page (i.e., using JavaScript client scripting)
causes the websites to refuse the integration of these gathering
protocols, because this may slow down the page rendering. In
fact, this is what happened when we asked website administrators of our University, UNIR, to integrate these scripts to
collect more advanced implicit indicators for our experiments. Therefore, we opted to develop a solution that can be
integrated into websites easily and eﬀortlessly. Nonetheless,
the reader can add to the model more elaborated indicators if
they ﬁnd their collection feasible in their website.
Note that diﬀerent website owners will be willing or able
to collect diﬀerent indicators. Therefore, you can optimize
the initial values of the indicators proposed in Table 3 by
adjusting the model parameters during the training phase.
Note also that Table 3 contains variables, and this adjustment
may not be necessary if the classiﬁer automatically scales
their values during the training phase.

3.3. Recommendation Approach. This section describes how
our recommender predicts the most interesting notiﬁcations
for each user. The process described herein performs a dimensionality reduction, so that we start with the terms of the
documents and end with the topics of interest for each user.
This section describes our recommender and so uses the
term “notiﬁcations,” although traditionally the literature has
used the term “documents.” Therefore, in the rest of this
document, the terms document and notiﬁcation are used as
interchangeable synonyms.
Our recommender is a hybrid recommender combining
the two ﬁltering approaches described in Section 2.2.5. In
particular, our hybrid recommender operates in two major
phases:
(1) Content-based ﬁltering. The recommender uses text
mining techniques to reduce the dimensionality of
the words in the documents to topics in the following
two steps. First, we use the Term Document Matrix
(TDM) to identify the characteristic words of the
document, that is, those words with the higher TFIDF score. Second, the recommender applies a LDA
algorithm (Section 2.2.4) to compute the Document
Topic Matrix (DTM), which represents the topic
proportion for each document.
(2) Collaborative ﬁltering. The recommender applies
collaborative ﬁltering on the dataset to further reduce dimensionality and predict the interest of the
user in an unseen notiﬁcation. In particular, the
recommender ﬁrst creates a Document User Matrix
(DUM) gathering the interest of the user in each
document. Second, the recommender utilizes the
DUM and the DTM calculated above to produce the
(Topic User Matrix) TUM, which contains the interest of each user in each topic.
When a new unseen notiﬁcation arrives, we apply the
ﬁrst step to identify the topics of the notiﬁcation. Then, we
use the second step to predict the interest of each user in the
topics of the notiﬁcation.
Figure 4 summarizes the ﬂowchart and concepts that our
hybrid recommender uses. In particular:
(1) Flowchart. The dashed arrows indicate the matrices
computation steps. First, we use the indicators
dataset to generate the DUM (Section 3.3.3). Second,
we retrieve the documents and compute the TDM
and DTM. Third, we combine the DTM and DUM in
the TUM (Section 3.3.4).
(2) Relationships. Double arrows indicate the matrices
relating these concepts. The following sections describe in more details the relationships in Figure 4
and how we compute each matrix.
3.3.1. Computing the TDM. The ﬁrst task that the recommender has to do is to analyze the text of the notiﬁcation
and obtain a concise representation by means of the TDM,
which eases the selection of the characteristic words of
the notiﬁcations. This TDM performs a dimensionality
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TDM
Terms

Documents
1
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Clustering
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3

Figure 4: Flowchart and matrices relating the concepts in our hybrid recommender. The TDM (Term Document Matrix) counts the terms
in each document. The DTM (Document Term Matrix) contains the estimated topic to document imputation. The DUM (Document User
Matrix) indicates the user-document interest. The TUM (Topic User Matrix) contains the estimated interest of the users in each topic.

reduction by discarding uninformative words; for the
remaining words, the TDM contains the TF-IDF scores. We
compute the TDM in the following steps:
(1) Preprocessing. In this step, the notiﬁcations are
tokenized, and then we remove stop words, whitespaces, numbers, and punctuation symbols (Section
2.2.1). We also group equivalent terms using lowercasing, accents removal, synonym grouping, and
stemming. Finally, we remove words appearing only
once in the whole corpus because by inspection, we
have found that it is a useful way to eliminate
misspelled words. Note that it is not necessary to
remove repeated terms (such as headers, footers, or
copyright information) because according to (2),
those terms will have an IDF(t, D) � 0, and therefore,
they will never be selected as characteristic words in
the next step.
(2) Feature selection. In this step, we identify and
ponder the characteristic words of a document. We
have observed that merely counting the occurrence
of terms in the notiﬁcations implies that the words
more frequently used in the language are overpondered during classiﬁcation. To remove this bias,
we have used the TF-IDF score to decide whether a
word is a characteristic word of a document. In
particular, as described in Section 2.2.3, this score
considers the number of times that a term t appears
in a document |t ∈ d| as well as the document length
|d|, and compares it with the number of times that
this term appears in the corpus |t ∈ D|, to provide
more weight to uncommon words that are
appearing relatively often in the document d. These
words will be the characteristic words of the
document.

(3) TDM matrix generation. As described in Section
2.2.2, the TDM is a sparse matrix representation of
the words in each document. In particular, in the
TDM, a word vector corresponds to a column in the
TDM, a row corresponds to the vocabulary, and the
TF-IDF score indicates the level to which a word is
important (i.e., a characteristic word) for a document. Therefore, we can reduce the dimensionality of
the TDM by selecting the words with a higher TFIDF score, that is, the less frequent words correspond
to the characteristic words.
3.3.2. Computing the DTM. When two notiﬁcations have a
relatively similar TF-IDF score for their word vectors, this is
an indicator that they are dealing with the same topics. To
ﬁnd related notiﬁcations, we have to project them into
groups with related topics by applying a standard clustering
algorithm. In this way, once we determine that a notiﬁcation
is related to a speciﬁc topic, we assume that the notiﬁcations
of its cluster deal with relatively similar topics.
As we do not want to have our customer manually
labeling the topics of their notiﬁcations, we have opted to
use an unsupervised clustering algorithm. In particular, we
use the collapsed Gibbs sampling method as described in
[59]. To determine an appropriate number of topics, we
used the binary logarithm rule (4), where the number of
nodes of the tree corresponds to the number of documents
in the corpus |D|, and the depth of the tree corresponds to
the number of topics k, that is,
k � ⌈log2 |D|⌉.

(4)

After executing the clustering algorithm with k topics,
each row in the DTM corresponds to a document, each
column corresponds to a topic, and each entry is an integer
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indicating the number of times words in each document
were assigned to each topic.
Finally, we normalize the DTM so that all rows sum up to
1.0. In this way, an entry in the DTM will contain the levels
of belonging of each document to each topic.
3.3.3. Computing the DUM. The DUM corresponds to the
IUM traditionally used in collaborative ﬁlters (as described in
Section 2.2.5), but where items correspond to documents, and
the user’s ratings are implicit. We compute the DUM by
converting the collected implicit-feedback into the user’s
ratings according to Table 3. In particular, the rows in the
DUM represent documents, and the columns represent users.
Note that we will use the DUM in two ways:
(1) Normalized. For content ﬁltering, we do the normalization because, in this case, the DUM is merely
an intermediate step to calculate the TUM (computed in the next step), which represents the prediction of topics of interest for each user. In
particular, we normalize the DUM so that the column of each user sum to 1.0. In this way, the votes of
all users weigh the same. That is, if the user has
accessed several documents, the user has shown
more interest in more documents, but the opinions
of all users are equally important to determine the
topics in the next step.
(2) Unnormalized. For collaborative ﬁltering, we are
searching for documents that are of interest to other
similar users. Therefore, we use the DUM as is to
retain information on all documents evaluated; that
is, without lessening the relevance of entries of users
who have interacted with more documents.
3.3.4. Computing the TUM. The above DUM has two
main diﬃculties:
(1) There is no direct mechanism to use the DUM to
predict the level of interest that a user will have when
new unseen notiﬁcations arrive.
(2) The number of notiﬁcations grows rapidly, and the
users do not provide any implicit-feedback for most
of the notiﬁcations. As a consequence, the DUM will
be a sparse matrix.
The TUM addresses both problems:
(1) The TUM relates the users to their topics of interest.
Therefore, on the arrival of a new notiﬁcation, we use
the DTM to determine the topics of the notiﬁcation,
and therefore, we map these topics to the level of
interest of each user.
(2) The number of topics tends to grow more slowly than
the number of notiﬁcations; therefore, the TUM is
denser than the DUM.
The TUM is computed as follows:
(1) The recommender normalizes the DUM so that the
documents of interest for each user sum 1.0. This

normalization aims to represent the relative importance of topics for each user, irrespective of how
active the users are individually.
(2) The recommender multiplies the transposed DUM
by the DTM to obtain the TUM. In the TUM, rows
represent users, columns represent topics, and entries represent the levels of interest of each user in
each topic.
Note that we use the DUM colwise normalized and the
DTM rowwise normalized. Therefore, the TUM will be
rowwise normalized, which means that the interest of each
user for the topics will sum 1.0.
3.3.5. Recommendation Phases. As usually in automatic
recommendation, our recommender also operates in two
major phases described here: the training and the exploitation phases.
(1) Training phase. During this phase, we analyze the text of
the training notiﬁcations and use the implicit indicator
dataset collected in Section 4.1, to generate the TDM, DTM,
DUM, and TUM. In particular, during this phase, the following tasks are executed:
(1) The recommender uses the indicator dataset to retrieve the text of the notiﬁcations.
(2) The recommender analyzes the text of the notiﬁcations and computes the TDM (Section 3.3.1).
(3) The recommender applies the topic-clustering algorithm to the TDM in order to obtain the DTM,
which indicates the proportion of topics of interest in
each document (Section 3.3.2).
(4) The recommender uses this indicator dataset and
indicators described in Section 3.2 to create the
DUM, which contains the user’s interest in each
document (Section 3.3.3).
(5) The recommender computes the TUM, which indicates the interest of the user in each topic (Section
3.3.4). In particular, the TUM is computed with
formula (5), where DUMn′ represents the normalized
and transposed DUM:
′
TUM � DUMnorm
· DTM.

(5)

(2) Exploitation phase. During this phase, we receive a new
user, and we have to predict a top-N recommendation list for
that user with notiﬁcations that this user has not rated. This
implies the following task:
(1) The recommender uses formula (6) to obtain the
DUMpredict, which predicts the level of interest of the
user for each unseen document.
DUMprecict � TUM · DTM′ .

(6)

Then, we normalize the DUMprecict so that all rows
sum up to 1.0. Lastly, we select the higher predicted
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scores up to 1−1/k for the user. Note that formula (4)
deﬁnes k clustering topics for 2k documents. Thus,
1−1/k approaches 1.0 as the number of topics (and
also documents) increases. This means that the more
the documents there are, the higher the threshold
will be for selecting a document.
(2) We create a top-N recommendation list in the following way:
(a) Content ﬁltering phase. The recommender selects
the documents for which the predicted user
interest is above 1−1/k threshold, where k is the
number of topics (4). This phase uses the content
similarity criterion to recommend content.
If the above phase is not enough to obtain N
unseen documents, this means that there is no
more content on the topics that are of interest to
the user. Then, we activate the collaborative ﬁlter.
(b) Collaborative ﬁltering phase. We compute the
user-user similarity to ﬁnd the documents that
have been of interest to similar users. In particular, we compute the User User Matrix (UUM)
using the cosine similarity formula (8). Then, we
use the higher rated documents by the most
similar users to complete the top-N recommendation list. This phase uses the diversity
criterion to recommend content.

4. Methods
This section summarizes how we have created the dataset for
evaluating our proposal, evaluation criteria, and protocol for
evaluating the classiﬁcation performance. We also describe
how we have validated dimensionality reduction; that is, the
selection of the characteristic words of each document and
the unsupervised model to cluster by topics.
4.1. Experiments Setup. Before initiating this collection, we
have reviewed diﬀerent datasets (Section 2.1.1). However, we
found these datasets inappropriate for our research, because
we need implicit indicators, such as the ones deﬁned in
Table 3 for notiﬁcations of a company. Therefore, we have
accomplished the collection of our implicit indicators in the
indicator dataset.
4.1.1. Collecting the Notiﬁcations. As described in Section 4,
our ultimate goal is to create a recommendation provider
that helps client companies customize the sending of notiﬁcations to their users. As we have not been able to ﬁnd a
standard dataset containing these notiﬁcations from a
company, we initiated the construction of our own dataset
with the resources we have in UNIR. In particular,
(i) The notiﬁcations we have used in our experiments
are blog posts from a list of RSS URLs in Spanish at
UNIR Revista (http://www.unir.net/vive-unir/).
UNIR shows the students these blog posts in the
front page of a number of virtual courses (4 graduate
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courses and 20 postgraduate courses, all of them on
diﬀerent topics related to technology and engineering). Therefore, these blog posts resemble the
notiﬁcations that we want to simulate. RSS and
Atom are standard protocols for publishing blog
posts. As they use a well-deﬁned XML format, this
content can be easily collected.
(ii) With this dataset, we are assuming that the blog
posts are equivalent to the notiﬁcations that we
intend to evaluate. However, the performance of
blog posts vs. notiﬁcations recommenders is not
always directly comparable. For instance, notiﬁcations are often extremely short texts, compared to
blog posts.
(iii) The indicators dataset we currently have is a dataset
in progress. Though currently it is a small dataset,
we have published it.
4.1.2. Collecting the User Interactions. To collect the implicit
indicators for our experiments, we have published the
abovementioned blog posts in the front page of the virtual
courses of various subjects that have taken place in the
academic year 2018-2019 at our university (UNIR).
The protocol to show the blog post to the student has
been as follows:
(1) When student enters the classroom, the latter 5 blog
posts are shown.
(2) Merely clicking on its title redirects the user to the
blog post, and we record the date, user ID, and
visited URL.
(3) We have been registering this activity for 1 month.
Although the collection of this dataset is a work in
progress, at the time of writing this article, we have obtained
the interactions of more than 100 students. With the logs of
this activity, we are able to collect indicators 1–4 of Table 3.
4.2. Evaluation Criteria and Protocol. Since our approach
aims to be nondisturbing, we are interested in selecting the
best notiﬁcations from a large number of notiﬁcations.
Therefore, we measured the classiﬁcation performance using
the top-N recommendation task (Section 2.2.6).
To measure the classiﬁcation performance of our
implicit-feedback recommender, we follow a leave-one-out
approach. In particular:
(1) The recommender iterates the users in the DUM in
which each nonempty entry indicates the actual
interest of the user in this notiﬁcation. We remove a
nonempty entry from the DUM for each user with 2
or more entries. That is, we need at least one
remaining rating in the DUM to know something
about the user. The removed document will be the
document to be tested, the corresponding user is the
test user, and the new matrix will be the test DUM.
(2) The recommender uses test DUM to regenerate the
TUM as described in Section 3.3.4.
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(3) The recommender obtains the top-N recommendation list, executing the prediction phase described
in Section 3.3.5. In this top-N recommendation list,
N is the number of documents in the user list, i.e., the
number of elements for which the user has shown
interest according to the original DUM.
(4) We contrast the user list with the top-N recommendation list measuring the accuracy, precision,
and recall. In particular, for each recommendation in
the top-N recommendation list, the confusion matrix
is generated according to the imputation rules described in Table 4.

4.3. Dimensionality Reduction Model Validation. In addition
to evaluating the classiﬁcation performance, we validate the
consistency of the dimensionality reduction implemented in
the content-based ﬁlter. In particular, the content-based
ﬁlter implements two reductions of dimensionality:
(1) Characteristic words of a document. We aim to
validate the semantic coherence between the characteristic words chosen to represent the documents
and the latent topics. The results are reported in
Section 5.2.
(2) Unsupervised topic clustering. As LDA topic clustering is unsupervised, we wonder whether the obtained clusters are semantically adequate. For this
purpose, we have studied the coherence and convergence, as described below. The results are reported in Sections 5.3 and 5.4.

Table 4: Confusion matrix classiﬁcation rules.
Imputation
Description
TP
The recommended document is in the user list
TN
A nonrecommended document is not in the user list
FP
A recommended document is not in the user list
FN
A nonrecommended document is in the user list

In general, the cosine similarity ranges from −1.0,
meaning exactly opposite vectors, to 1.0, meaning exactly the
same vectors. However, as the vector values are all positives,
(8) will range from 0.0 (completely disjointed documents) to
1.0 (the same document).
To use the similarity measure in (8) as a distance metric,
we use the following formula:
distance(u, v) � 1.0 − similarity(u, v).

(9)

The resulting DDM is a squared symmetric matrix where
the entry on row i and column j represents the distance
between documents di and dj.
4.3.2. Convergence. The collapsed Gibbs sampling method
[59] repetitively iterates all words in all documents updating
prior and posterior probabilities of the hidden variables
(topics). After a number of iterations, the model tends to
converge to a stable topic assignment state. The perplexity
index [60] has been proposed to determine when the model
is ﬁtted, and we can stop the iterations. Basically, this index
computes the likelihood of the parameters given the observations. The perplexity is deﬁned as the natural log of two
likelihood values:

4.3.1. Coherence. To determine to what extent documents
classiﬁed by topic are coherent with the documents classiﬁed
by characteristic words, we have calculated the Document
Distance Matrix (DDM) using two features:

(i) Full likelihood. The log-likelihood including the
prior.
(ii) Assignments likelihood. The log-likelihood of the
observations conditioned to the assignments.

(i) The distance among documents according to the TFIDF score: DDMTF-IDF
(ii) The distance among documents according to the
proportion of topic imputation: DDMtopic

A lower likelihood score indicates better generalization
performance. Section 5.4 studies this convergence.

5. Result and Discussion

If these features are coherent, the diﬀerence between
both will be low:


(7)
heatmap � DDMTF−IDF − DDMtopics .

This section provides the results of the classiﬁcation performance as well as a validation for the coherence and
convergence of our dimensionally reduction approach.

To calculate the DDM, we ﬁrst measure the similarity
between documents as the degree to which the features
(either TF-IDF or topics) overlap. For this purpose, we use
the cosine similarity between the features vectors of each
pair of documents. The cosine similarity takes the sum of the
n features product normalized by the product of their Euclidean lengths. In particular, for the documents with word
vectors u, v, the cosine similarity is deﬁned as

5.1. Classiﬁcation Performance. Figure 5 shows the classiﬁcation performance of executing the above evaluation
protocol. You can obtain the numerical values of this ﬁgure
in the ﬁle evaluation.R. The horizontal axis shows the time
evolution, and the vertical axis shows the classiﬁcation
performance using the indicators accumulated up to the day
of the evaluation.
Inspecting the collected indicator dataset, we found that
notiﬁcation recommendation suﬀers from the class imbalance problem (Section 2.2.6), that is, the user does not show
interest in most of the notiﬁcations that were presented.

similarity(u, v) �

u·v
ni�1 ui vi
�������.
� �����
|u| · |v|
n u 2 n v 2
i�1 i

i�1 i

(8)

13

0.8

0.8

0.6

0.6

Scores

Scores

Scientiﬁc Programming

0.4

0.4

0.2

0.2

0.0

0.0
5

10
Days

5

15

Measures
Accuracy
Precision
Recall

10
Days

15

Measures
Accuracy
Precision
Recall

Figure 5: Performance of the top-N recommendation using users
with 1 or more interactions.

Figure 6: Performance of the top-N recommendation using users
with 2 or more interactions.

Similarly, the top-N recommendation list also suﬀers this
eﬀect, as most of the notiﬁcations are not in this list.
Therefore, accuracy overestimates the classiﬁcation performance of the recommender (Figure 5). Nonetheless, we have
included accuracy in our analysis to ease the comparison, as
it is a standard metric in most of the state-of-the-art
recommenders.
Limiting false positives is essential to avoid the lack of
trust that occurs whenever the recommender returns a
noninteresting notiﬁcation. Precision indicates the ability of
the recommender to create a top-N recommendation list
that resembles the user list, that is, without FP. This is an
ambitious goal, because the precision formula (Table 2)
compares how many times we succeed against how many
times we make a wrong recommendation, but disregards all
the documents that were correctly ﬁltered (i.e., TN). This fact
justiﬁes the high diﬀerence between accuracy and precision
in Figure 5. That is, approximately, only in 13% of the cases,
the recommender is able to correctly guess which is the
leave-one-out element.
To best estimate the classiﬁcation performance, we have
also added recall to Figure 5, which indicates the completeness of the actual top-N notiﬁcations for the user.
The most obvious way to increase precision and recall is
to increase the number of user interactions. Figure 6 shows
how precision and recall improve if we repeat the above
evaluation using only those users who have interacted with 2
or more documents.
Other authors obtain the same eﬀect increasing the
number of user interactions. For instance, [26] follows our
top-N performance evaluation approach; when they use 10
elements in the list, they obtain a precision of 0.22 and a
recall of 0.25. If they increase these elements to 30, they
achieve a precision of 0.32 and a recall of 0.42. Similar ﬁgures
are obtained by the system presented in [28], in which the

recall increases from 0.25 to 0.41 when the number of elements increases from 10 to 30. Also, the system presented in
[27] gets higher f-measure values as the number of elements
in the list increases. Unfortunately, we have not been able to
reproduce their experiments with our indicators dataset
because our dataset is sparser and we barely have users with
more than 3 interactions. Notice that although the results are
similar, datasets used in the experiments are not the same,
and so the results cannot be directly compared.
The authors of [19] also combine content-based and
collaborative ﬁltering, by targeting sports news, which is a
further controlled domain than ours. In addition, they
combine explicit rating for collaborative ﬁltering, with
implicit-feedback for content-based ﬁltering by counting the
number of times the user accesses the news. To evaluate the
system, they analyze the user clicks (of around 5000 users
during 10 days) and they ﬁnd that 27% of the recommended
articles are viewed, being 50% of recommended articles
removed. Although the evaluation method is user based
(i.e., it is not oﬄine), we ﬁnd these results to be in concordance with the precision obtained in the other studies
mentioned above.
Finally, it is worth to mention that the design of all these
experiment assumes that the users always choose the documents that are of maximum interest for them. However, it
is known that the behavior of users on the Internet is impulsive and explorative [61]. Therefore, we hypothesize that
part of these relatively low precision and recall scores are due
to the fact that users access the documents without analyzing
in details which are the most interesting for them. To further
analyze this hypothesis, we would have to ask the user, which
would involve comprehensive ﬁeldwork for future work. An
argument in favor of this hypothesis is that the user’s choices
are only based on the title of the post, while the recommender analyzes the entire text thoroughly.
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Table 5: The top words and representative document for each cluster.

Doc ID

Top characteristic words

2

Eﬁciencia

Mejora

3

Colombia

Empresa

4

Derecho

Seguridad

Title of the most representative document
Luis lizasoain: “Cualquier centro de cualquier tipo
puede ser de alta eﬁcacia”
Los nuevos graduados se suman a la creciente familia
colombiana de UNIR
Nace la escuela sagardoy de derecho del trabajo

Note that top characteristic words have a high semantic relationship with the document that best represents each topic.

5.2. Representative of Each Topic. To determine the representativeness of the characteristic words and topics, we have
used our dataset to generate the 2 top words in each topic, as
well as the document that best represents each topic. The
rows in Table 5 correspond to the topics. For each topic, we
show the two most representative words along with the title
of the most representative post for this topic.
The DTM represents the assignments of the document to
the topics. Figure 7 shows the distribution of topics across all
the documents. You can obtain the numerical values of this
ﬁgure in the ﬁle validation.R. Note that the representative
documents in Table 5 match the documents with the highest
proportion of the corresponding topic in Figure 7.
5.3. Coherence. This section studies the coherence of the
dimensionality reduction approaches by measuring the
diﬀerence among the documents classiﬁcation according to
the DDMTF-IDF and the DDMtopic (Section 4.3.1 for further
details).
Remember that formula (9) calculates this distance
between these matrices, where 0.0 means the same document and 1.0 means completely disjointed documents.
Figure 8 shows the heatmap of this diﬀerence (7). You can
obtain the numerical values of this ﬁgure in the ﬁle validation.R. Light colors indicate high coherence; that is, low
diﬀerence between both approaches to measuring distances.
Note that the heatmap is symmetric, and both metrics reach
maximum coherence when both documents are equal (the
main diagonal). In general, both metrics give similar distances, and so the heatmap is light. The darkest squares
correspond to a lower coherence; that is, the documents are
not receiving the same distance with both approaches.
5.4. Convergence. Our LDA clustering algorithm uses four
parameters:
(i) Number of topics. We use the binary logarithm rule
(4). Sections 5.2 and 5.3 discuss the suitability of this
parameter.

1.00

0.75
Topic distribution

Although implicit-feedback is easier to obtain, it is a
challenge to convert raw data into user ratings because
implicit-feedback is inherently noisy. Given that the ratings
are somehow artiﬁcially created from implicit data, a conﬁdence level may be considered to gauge the conﬁdence in the
estimated ratings. Particularly, there are some studies ﬁnding
that reducing conﬁdence in the preferences of those users
with more intense activity improves the performance [25].
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Figure 7: Distribution of topics in the documents.

(ii) Iterations and learning rates. We execute i � 100
iterations. The α � 0.1, β � 0.1 probabilities can be
interpreted as learning rates. Section 5.4 discusses
the suitability of these parameters.
Figure 9 shows the convergence of our dataset with the
learning rates α � 0.1, β � 0.1, and i � 100 iterations. You can
obtain the numerical values of this ﬁgure in the ﬁle validation.R. A greater log-likelihood is considered more adequate for the parameters. We can observe that after 15
iterations, the model has stabilized.

6. Conclusions
This paper shows how the gathering of pieces of implicitfeedback is enough to personalize content delivery, that is,
without the need to disturb the user by asking them to ﬁll in
additional personal information. The recommender operates
autonomously and automatically with standard data mining
techniques, so its use does not imply an additional cost of
adding to the notiﬁcations metadata (as is usually the case
with other content-based and knowledge-based recommenders). The recommender is able to select content for
users with a similar proﬁle using standard collaborativeﬁltering techniques. The adding of content-based ﬁltering
allows us to eﬀectively address the cold-start problem (a
limitation of pure collaborative ﬁlters). In particular, it is
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mechanism that model the gradual decay of the
relevance of past readings [26, 29], or the user trends
[33].
(3) Finally, the evaluation of the classiﬁcation performance has been implemented with a relatively small
dataset, which also does not include all the indicators
deﬁned in Table 3. For this reason, we want to increase the volume and type of implicit indicators and
update our published dataset.
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Figure 8: Heatmap of the diﬀerence between DDMTF-IDF and
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enough that a user has chosen a single document to determine the topics of interest and initiate recommendations
on similar topics.
6.1. Future Work. We have identiﬁed three areas of future
work:
(1) Our recommender has been evaluated oﬄine,
without the explicit participation of the user in the
evaluation. However, according to some studies,
great oﬄine performance does not necessarily mean
online success [62]. Therefore, it is important to also
consider the perceived utility of recommendations
by the user in future work. This work would also
allow us to analyze the hypothesis laid out in Section
5.1: to what extent the user exhaustively analyzes or
impulsively chooses the documents [61].
(2) The user interests change over time [26]. Therefore,
as future work, we may introduce some temporal
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In this paper, a novel approach is presented for authorship identiﬁcation in English and Urdu text using the LDA model with
n-grams texts of authors and cosine similarity. The proposed approach uses similarity metrics to identify various learned
representations of stylometric features and uses them to identify the writing style of a particular author. The proposed LDAbased approach emphasizes instance-based and proﬁle-based classiﬁcations of an author’s text. Here, LDA suitably handles
high-dimensional and sparse data by allowing more expressive representation of text. The presented approach is an
unsupervised computational methodology that can handle the heterogeneity of the dataset, diversity in writing, and the
inherent ambiguity of the Urdu language. A large corpus has been used for performance testing of the presented approach.
The results of experiments show superiority of the proposed approach over the state-of-the-art representations and other
algorithms used for authorship identiﬁcation. The contributions of the presented work are the use of cosine similarity with
n-gram-based LDA topics to measure similarity in vectors of text documents. Achievement of overall 84.52% accuracy on
PAN12 datasets and 93.17% accuracy on Urdu news articles without using any labels for authorship identiﬁcation task
is done.

1. Introduction
Stylometry is the study of distinct linguistic styles and individual writing practices with the purpose of determining
the authorship of a written piece of text [1]. A writing style
represents the linguistic choices of a writer that persist
throughout one’s work. The stylometric research is inspired
by the hypothesis that every person has a unique and distinct
writing style, referred to as “stylistic ﬁngerprint” [2] that can
be measured and learned. Here, a stylistic ﬁngerprint of a
writer means a set of features frequently used by that author
such as word length, sentence length, choice of certain
words, and syntactic structure of a sentence. The stat-of-theart perspective of stylometry research is authorship analysis
[2–7]. In the recent past, the domain of authorship analysis
has embraced new dimensions of research typically with the
emergence of machine learning techniques for text mining.
One of the recent and emerging trends in authorship

analysis is computational extraction of stylometric features
from the text of an author instead of engineering the stylometric features manually [8–10]. The main focus of authorship identiﬁcation is deciding the most probable author
of a target document among a list of known author’s [3].
From a machine learning aspect, authorship identiﬁcation
can be perceived as one label multiclass text classiﬁcation
problem where the role of classes are played by contestant
authors [11].
The detailed literature review in the domain of authorship identiﬁcation for the last two decades revealed that
it is a ﬁeld of great interest and has been mainly applied on
the English language [4, 6, 12–14]. Additionally, few solitary
eﬀorts were under taken for other languages: Arabic [6, 15],
Dutch [16–18], Greek [7, 19], and Portuguese [20, 21].
However, there is no major contribution in the ﬁeld of
authorship identiﬁcation of Urdu text except for Urdu
poetry [22]. To the best of our knowledge, there is neither a
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theoretical model nor a subsequent accurate tool available
for authorship identiﬁcation of Urdu newspaper columns.
Therefore, such authorship identiﬁcation application for
Urdu language is timely as discussed in [23]. In this paper, an
improved approach is discussed that uses similarity measures as tf-idf along cosine similarity and a KNN-based
classiﬁcation module for more accurate results. This paper
also compares the results of our approach with PAN12
dataset.
Latent Dirichlet allocation (LDA) [24] was found to be a
ﬂexible generative probabilistic unsupervised topic model
typically used for the authorship identiﬁcation for text
documents [8, 9, 25, 26]. LDA was used with similarity
measuring techniques such as Hellinger [9]. During the
literature review, it has been found that the results of the
previously used similarity measuring techniques provide low
accuracy and there is a need in improvement in topic
matching process of LDA-based author identiﬁcation. In
this paper, we propose a methodology for the use of n-grams
with LDA to ﬁnd similarity in vectors of text documents by
using cosine distance metric. In the literature review, it was
identiﬁed that the cosine similarity [27] has not been previously employed with LDA for authorship identiﬁcation of
the text documents. One of the objectives of the research
presented in this paper was to investigate the behaviour of
cosine similarity with LDA in comparison with other similar
previously used techniques for authorship identiﬁcation.
The presented approach builds the LDA model on ngrams texts instead of simple text. N-grams have been used
to keep personal stylistic attributes of the text writer. The
LDA model generates topical representation of text documents. These topical representations have been used to build
cosine similarity metric for KNN classiﬁer. Here, LDA’s
application on n-grams words not only keep various stylistic
ﬁngerprints to identify the writing style of a particular
author but permits us to analyse a large dataset of Urdu
newspaper articles and can identify the potential author for
testing dataset. The presented approach emphasizes on
author instance-based and proﬁle-based classiﬁcations of
text. We used LDA which can handle high-dimensional and
sparse data, allowing more expressive representation of
texts. LDA is also suitable considering the heterogeneity of
the dataset, inherit ambiguity of Urdu language text, and
diversity in writing styles of authors. A large dataset was
collected for performance testing of the presented approach.
The results of experiments show superiority of the proposed
approach over the state-of-the-art representations and other
algorithms used for authorship identiﬁcation. The contributions of the presented work are the use of KNN classiﬁer
with cosine similarity metric extracted from LDA topics to
measure similarity in vectors of text documents and
achievement of satisfactory results on English and Urdu
news articles without using any labels for authorship
identiﬁcation task.
The rest of the paper is structured as follows: Section 2
discusses the outcomes of the detailed literature. Section 3
describes the materials and methods of the presented research and the LDA-based used approach for authorship
identiﬁcation in PAN12 authorship identiﬁcation task and
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Urdu newspaper articles; Section 4 provides details of the
experiments, their results, and discussions; at last in Section
5, conclusion are drawn.

2. Related Work
In the literature, a large number of works in the past had
been focused on computational linguistics-based methods
for identiﬁcation of stylometric features from text and their
application to attribute possible author of the text. The focus
of these approaches was to improve various tasks of authorship analysis of a piece of text such as authorship
identiﬁcation, author veriﬁcation, and author proﬁling.
The ﬁrst approach to authorship identiﬁcation is the use
of univariate or multivariate measures that can reﬂect the
style of a particular author. Individual measures were
proposed such as word occurrence or frequencies of speciﬁc
word [28], mean sentence length or wge word length [29],
and word richness [11]; however, none of these univariate
measures prove to be adequate [30]. The idea behind the
multivariate approach is to take documents as points in
vector space, and by using some suitable similarity measures,
assign the query document to the author, whose documents
are closest to the query document [31]; furthermore, other
distance-based similarity metrics such as Euclidean distance,
Kullback–Leibler, and Hellinger distance were applied to
various feature sets for authorship identiﬁcation [4, 19, 22].
The second approach is statistical machine learning
techniques. Individual author is a category value, and a
classiﬁcation model is built. Machine learning techniques
are further separated into two subgroups, one is supervised
and other is unsupervised. In supervised learning, a classiﬁer
is built using both features and the categorical value.
However, unsupervised models work on unlabelled data
[24]. For authorship identiﬁcation, supervised techniques
include support vector machine (SVM) [13, 32, 33], decision
trees [6], linear discriminant analysis [34], and neural
networks [35, 36]. The support vector machine outperformed other supervised techniques such as linear discriminant analysis and neural networks in terms of accuracy.
Unsupervised classiﬁcation techniques include principal
component analysis (PCA) [37, 38], cluster analysis [39],
word2vec [40], doc2vec or distributed document representation [41], and LDA [8, 9, 25, 26]. The work discussed in
[23] is the ﬁrst attempt to address author identiﬁcation in
Urdu text and that approach is improved in this paper by
using tf-idf along cosine similarity and a KNN-based classiﬁcation module for more accurate results.
The ﬁrst systematic study of authorship identiﬁcation by
using enhanced version of LDA was presented by Michal
Rosen-Zvi et al. [8]. The LDA model has the ability to
identify all hidden topics from large numbers of features and
present them as LDA topics, thus, serving for dimensionality
reduction and making it attractive for text analysis problems.
We collected articles from Web of Science by applying
the search query “authorship identiﬁcation” in titles. The
query provided 714 articles with default settings in the
span of 2007 to 2018 as now we cannot get articles beyond 2007 from Web of Science. We used CiteSpace tool
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(URL http://cluster.ischool.drexel.edu/∼cchen/citespace/
download/) to visualize patterns and trends in the authorship
attribution domain. Figure 1 shows most inﬂuential authors with cited reference network.

3. Materials and Methods
In order to make the result of the present study reproducible,
in this section, the main steps of our proposed framework for
authorship identiﬁcation are discussed; that is, English and
Urdu corpus, their datasets, text preprocessing, models with
their parameter settings, and experiments. The materials
used are corpora in English (Table 1) and Urdu (Table 2),
and datasets (Tables 3 and 4) have been generated from these
corpora and the most important have been n-grams-based
inferred topics from LDA. The relevant methods include the
methods of preprocessing, various features extraction and
selection, document term matrix preparation, topics extraction using latent Dirichlet allocation, and the cosine
metric for KNN classiﬁer-based methodology for
classiﬁcation.
We used a publicly available dataset in English from the
authorship identiﬁcation competition of the PAN 2012 [42].
The competition included six tasks for authorship identiﬁcation for both close and open classes and two tasks for
intrinsic plagiarism. Close class means the author of a test or
an anonymous text is among the closed set of candidate
authors of training data, and open class means the author of
a test document might be none of the closed set of candidates. The task notation and description are listed in Table 1.
The PAN12 dataset has training and testing parts for closedclass and open-class authorship identiﬁcation problems.
In the PAN 2012 competition, the training data were
extremely small with only two documents per author provided for training. The length of documents varies: in tasks A
to D, short documents were given having words in range
2,000 to 13,000 words, while tasks I and J dealt with long
documents containing approximately 30,000 to 160,000
words. Tasks E and F were related to plagiarism detection
and are out of scope for the present study. From the PAN12
competition, there were two types of tasks on the bases of
testing documents: the ﬁrst one is author-dependent recognition where all the authors of the testing documents were
among the training documents authors and the second one
is author-independent recognition where some testing
documents were from unknown authors which were not part
of training documents authors. We only selected authordependent tasks (A, C, and I); however, author-independent
tasks were not in scope of the present study.
The UrduCorpus has 4,800 documents written by twelve
well-known Urdu newspaper columnists with 400 articles
per author. It contains 5,631,850 words (tokens) in total; at
the document level, the mean length was 1174 words. The
longest document was written by Dr Muhammad Ajmal
Niazi (2,170 words) and the shortest by Irshad Ansari (86
words). When considering the mean length per author,
Irshad Ansari wrote the shortest document (396 words per
document), while Javed Chaudhary is the author of the
longest document (1,690 words per document).

Figure 1: Network of most inﬂuential authors in the authorship
identiﬁcation domain.

3.1. Datasets. In the preparation of the datasets from PAN12
and UrduCorpus, we used two representations of authorspeciﬁc documents.
3.1.1. Instance-Based Dataset. In this type of representation,
all documents were treated individually.
3.1.2. Proﬁle-Based Dataset. All the author-speciﬁc documents were concatenated into a single ﬁle. This single
document represents an individual author.
We prepared 12 datasets from PAN12 as shown in
Tables 2 and 3; among these datasets, six were instance-based
as original text and n-grams representation of text and six
were proﬁle-based as original text and n-grams representation of text.
The number of training and testing documents in the
proﬁle-based datasets are equal, whereas in the instancebased datasets, training documents are double than testing
for model evaluation.
Similarly, we prepared four datasets from UrduCorpus
as shown in Table 3. In Table 3, among these datasets, two
were instance-based as original text and n-grams representation of text and two were proﬁle-based as original text
and n-grams representation of text. We randomly used 75%
and 25% of data by each author for training and testing,
respectively.
Two proﬁle-based datasets of UrduCorpus have only
twelve lengthy documents for training, and each dataset has
equally twelve hundred test documents for model
evaluation.
Figure 2 depicts the proposed framework for authorship
attribution using the topic modelled with LDA with cosine
metric for the KNN classiﬁer.
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Table 1: PAN 2012 authorship identiﬁcation competition tasks.

Task name
A
B
C
D
I
J
E
F

Type
Authorship identiﬁcation
Authorship identiﬁcation
Authorship identiﬁcation
Authorship identiﬁcation
Authorship identiﬁcation
Authorship identiﬁcation
Intrinsic plagiarism

Authors
3
3
8
8
14
14
2–4

Intrinsic plagiarism

2

Descriptions
Closed class, short text
Open class (of task A), short texts
Closed class, short texts
Open class (of task C), short texts
Closed class, novel length texts
Open class (of task I), novel length texts
Mixed set of paragraphs by individual author
Consecutive intrusive paragraphs
by individual author

Table 2: PAN12 datasets used in the experiments.
Dataset
A1
A2
A3
A4
C1
C2
C3
C4
I1
I2
I3
I4

Description
Instance-based (original text)
Instance-based (n-grams)
Proﬁle-based (original text)
Proﬁle-based (n-grams)
Instance-based (original text)
Instance-based (n-grams)
Proﬁle-based (original text)
Proﬁle-based (n-grams)
Instance-based (original text)
Instance-based (n-grams)
Proﬁle-based (original text)
Proﬁle-based (n-grams)

Training documents
6
6
3
3
16
16
8
8
28
28
14
14

Testing documents
6
6
6
6
8
8
8
8
14
14
14
14

Table 3: Urdu datasets used in the experiments.
Dataset
D1
D2
D3
D4

Description
Instance-based (original text)
Instance-based (n-grams)
Proﬁle-based (original text)
Proﬁle-based (n-grams)

3.2. Document Preprocessing. It is observed from the literature review that it is not needed for vigorous preprocessing
in authorship attribution. As writer’s grammatical mistakes,
their preferences of letter abbreviation, letter capitalization,
and word preﬁxes and suﬃxes all are essential part of one’s
writing style. In this case, it is not feasible to correct
grammatical mistakes or stem words, such actions may
reduce the number of features speciﬁc to writer.
3.2.1. Tokenization. Tokenizing means to change sentences
into small units like words and characters. We used Natural
Language Toolkit (NLTK) [43] for tokenizing at word-level
after ignoring all whitespaces.
3.2.2. Lowercasing. Languages such as English have uppercase and lowercase texts. It is recommended to lowercase them before any further preprocessing. We applied
this process on the PAN12 dataset. In the Urdu language,
we only have one case, so no need to change it into any
other.

Training documents
3600
3600
12
12

Testing documents
1200
1200
1200
1200

3.2.3. N-Grams Generation. N-gram is a grouping of adjacent words or characters of length n. We can generate
these n-grams for any language. In other words, n-grams
features are language independent. They can capture the
language structure of a writer; for instance, what character
or word was anticipated to follow the given one. The choice
of n is very vital in n-grams generation. If the value of n is
small which produces short n-grams, we may fail to capture
important diﬀerences. On the contrary, if the value of n is
large, it produces long n-grams; as a result, we may only
stick to speciﬁc cases. Ideal n-grams length really depends
on the application, a good rule of thumb in word level ngrams is to use n-grams where n ∈ {1, . . ., 5}. To overcome
the limitation of the bag of the word model where the
contextual information is lost, we can capture more semantically meaningful information from text with ngrams. Lexical n-grams are popular, as they have shown to
be more eﬀective than character n-grams [44] and syntactic
n-grams when all the possible n-grams are used as features
[45]. Moreover, it has been shown to be eﬀective in
identifying the gender of tweeters [46]. For ease of understanding, we used underscores (_) to replace spaces in
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Table 4: N-grams (1–5) for sentence “writing is footprint of a
writer.”
N-grams types
Word unigrams
Word bigrams
Word trigrams
Word fourgrams
Word ﬁvegrams

Sentence representation
Writing, is, footprint, of, a, writer
Writing_is, is_footprint, footprint_of,
of_a, a_writer
Writing_is_footprint, is_footprint_of,
footprint_of_a, of_a_writer
Writing_is_footprint_of, is_footprint_of_a,
footprint_of_a_writer
Writing_is_footprint_of_a,
is_footprint_of_a_writer

word n-grams and represent them as a single word in the
vocabulary and subsequently in the bag of the word model.
Table 4 shows a simple sentence and its complete lists of
unigrams, bigrams, trigrams, fourgrams, and ﬁvegrams
words generated from it.
For word-level n-grams feature vector length varies as
choice of n varies, it can increase rapidly almost n-times with
n-grams.
3.2.4. Stop Word Removal. Stop words are common words
in a given language which has high-frequency in the text of
language. For instance, in English words like a, an, the, this,
and for are stop words. Stop words generally have minor
lexical content, and they have enormous presence in the text
document. However, they fail to distinguish it from other
texts. Sometimes, we want to remove these words from the
document before further processing. In languages such as
English, we have stop words list; however, in the Urdu
language, we do not have such list. We add constraint that
each selected word should not appear in every document.
Thus, we want to ignore stop words appearing in almost
every document. We ignore all words occurring in 70
percent or more documents. Taking into account this
constrain, we ignore 666 most frequent words.
3.2.5. Stemming. Stemming is the process of extracting the
base word from the given word. This base word is called the
stem or root word. We used a rule-based stemmer with the
help of Stanford coreNLP tools to stem datasets words.

Input Urdu
text

Document
preprocessing
(i)
(ii)
(iii)
(iv)

Tokenization
Lowercasing
N-grams
Stop word removal
Stanford parser
and NLTK

Syntax analyzer and
feature extraction
(i) Tf-idf
(ii) Bag-of-words

LDA topic
modeling
(dimensionality
reduction)

Gensim

Feature selection
(i) Document topic
matrix

Classification
(i) KNN

Results
(author name)

Figure 2: Architecture of text-based forensic analysis approach.

3.3. Syntax Analyzer and Feature Extraction. Extracting
numerical information from raw text documents is normally
termed as feature extraction process. Among extracted
features, only those features are selected that best ﬁt the
training model. After this process, if the features set dimensionality is huge and diﬃcult for computation, then it
requires dimensionality reduction algorithms for appropriate performance. The following feature extracting techniques were used for the proposed model.
3.3.1. TF-IDF. We can produce distinct feature vectors
based on information captured from the texts. This could be
simply raw frequency of each word or term frequency and
inverse document frequency (tf-idf ). We can use tf-idf to

assess how signiﬁcant a word is in identifying the actual
author for a given document. This tf-idf value can be obtained by multiplying the ratio of the word in a document to
the reciprocal of the ratio used in the all documents.
3.3.2. Bag of Words Extraction. In natural language processing, bag-of-words is a classic model. In this model, text is
considered as a set of words each one having a frequency of
occurrence in the corpus; however, their contextual information is lost. In other words, it is order less document
features representation in the form of frequencies that occurs in the document to form a dictionary, and this
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dictionary may consist of character, character n-grams,
words, words n-grams, or some other features extracted
from text. If we use all distinct words for our vocabulary, it
can increase overall corpus dimensionality which is diﬃcult
for computation. For feature selection, we have applied two
schemes.
(1) Term Document Frequency. We have been considering
only those terms having occurrence in 10 or more documents (tdf ≥ 10), and it reduced vocabulary size to 104,867
terms in instance-based n-grams dataset of UrduCorpus.
(2) Percentage of Documents for Term. As a second constrain,
we wanted to remove stop words or other most frequent
words from corpus. We ignore all words occurring in 90
percent or more documents. Taking into account this second
constrain, we ignore 666 most frequent words.
Finally, we obtain a vocabulary of size 104,201 terms in
instance-based n-grams dataset D2, similar feature selection
schemes were applied on simple instance and proﬁle-based
datasets we obtained vocabulary of size 44,634 terms and for
proﬁle-based n-grams dataset applying slightly diﬀerent
feature selection schemes as there has been only twelve long
concatenated documents. We have selected only those terms
which occurred in two or more documents, however, not
more than ten documents. We capture 55,423 terms for
vocabulary.
For PAN12 English datasets, training documents words
and distinct words for each dataset are given in Table 5.
We applied diﬀerent feature selection techniques as the
training documents for each author were only two in each
dataset. First, we selected topmost frequent 2,500 words for
each author, and then ignoring the common words which
other authors also used, we only selected author speciﬁc
words. In this way, stop words were ignored and only those
words were captured with which were author speciﬁc. We
also add the second constraint that, among these author
speciﬁc words, only top 300 most frequent words for each
author were selected to build balance vocabularies for A1,
A3, C1, C3, I1, and I3 datasets. For datasets A2, A4, C2, C4, I2,
and I4 having n-grams words, we selected top 500 most
frequent words for each author to build vocabularies of equal
size with respect to authors.
3.4. Document Term Matrix. Text documents are generally
represented as a vector, where each attribute represents
particular term frequency occurrence. This vector form
representation can be used to ﬁnd the similarity between
the two corresponding documents. We prepared document
term matrix (Figure 3) from training dataset based on the
selected features which were saved in the form of vocabulary by using Gensim dictionary class. The LDA model
looks for repeating term patterns in the entire document
term matrix.
3.5. Feature Selection Using LDA. We can use topic models
for the purpose of information retrieval and feature selection
from unstructured text. A topic modelling algorithm, for

Scientiﬁc Programming
Table 5: PAN12 datasets used in the experiments.
Dataset
A1
A2
A3
A4
C1
C2
C3
C4
I1
I2
I3
I4

Training documents
Distinct words Vocabulary size
words
25,771
3,252
900
128,845
48,012
1,500
25,771
3,252
900
128,845
48,012
1,500
96,052
26,654
2,400
480,250
133,256
4,000
96,052
26,654
2,400
480,250
133,256
4,000
2,353,267
137,315
4,200
11,766,325
7,839,471
7,000
2,353,267
137,315
4,200
11,766,325
7,839,471
7,000

example, latent Dirichlet allocation [24], is useful for organizing large volume of textual data into overlapping
clustering of documents [24, 47], which diﬀer from other
text mining approaches, which are rule-based and use
dictionary or regular expressions-based keyword searching.
LDA is a ﬂexible generative probabilistic topic model for
collection of discrete data, which expresses the documents as
a collection of topics mixture with diﬀerent probabilities for
these topics in documents, and each topic is expressed as a
list of words with probabilities for them to belong to that
topic.
We have used LDA to reduce the dimension of document term matrix into a new matrix (Figure 3). We named
new matrix as document topic matrix, as each cell represents
speciﬁc topic weight in that document and each matrix row
now have topical representation of whole document in the
normalized form.
This representation achieved dimensionality reduction
of the document term matrix. For example, for Urdu dataset,
reduction of D2 document term matrix from 3600 × 104,201
to document topic matrix 3600 × 120 is achieved, which is
almost 91% less of the vocabulary of the corpus. This result is
extremely helpful in features selection and classiﬁcation of
documents.
3.6. Hyper Parameters and Parameters of LDA. LDA has
corpus-level parameters named hyperparameters α and β
sampled only once, and these parameters are from the
Dirichlet distribution. The ﬁrst parameter α controls the
distribution of document topics, and β is accountable for
distribution of topic words. The high value of α means each
document possibly contains mixture of almost every topic
not a particular one, while low value of α means that the
document contains some topics. Similarly, high β means that
each topic contains a mixture of most of the words not just
speciﬁc words. The low value of β means the topic may
represent a blend of just some of the words. In a nutshell,
high α will produce documents more identical to each other
and high β will produce topics more identical to each other.
However, the number of topics k is user deﬁned, and we
need to ﬁgure out the number of topics based on the data.
Thus, each document di, for i � 1, . . ., n, is generated based
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reduction using LDA

3.7. LDA + Cosine Similarity. This method is our main
contribution, as it achieves state-of-the-art performance in
authorship identiﬁcation with many candidate authors. The
main idea of our approach is to use the LDA model in such a
way that it provides us dimensionality reduction along with
maintaining the author speciﬁc writer style and then use
cosine similarity in LDA model topic space, to determine the
most likely author of the test document. We used n-grams to
capture the author writing style. Documents were represented as bag-of-words, so each document from both
training and test sets converted into sparse vector and were
mapped into LDA topic space to generate a vector representation for each one, which can be represented as ui and vi
as outcomes, respectively.
In text similarity measures, cosine similarity is one of the
most popular one. It is a distance metric from computational
linguistics to measure similarity between document vectors.
In order to ﬁnd cosine similarity between two documents u
and v, ﬁrst we need to normalize them to one in L2 norm:
k

 u2i � 1.

(1)

i�1

Topic1

Topic2

Topic3

…

Topic120

Now, cosine similarity between these two normalized
vectors u and v will be the dot product of them:
ki�1 ui vi
��������,
cos(u, v) � �������
ki�1 u2i  ki�1 v2i 
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…
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…
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…

0.0630

…

Doc1

Doc3600
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Figure 3: Conversion of the document term matrix to the document topic matrix.

on a distribution over the k topics, where k deﬁnes the
maximum number of topics. This value is ﬁxed and deﬁned a
priori; a lower value for the number of topics may result in
border topics such as education, sports, and fashion, and a
larger value for the number of topics may result in more
focused topics such as science, football, and hairstyle. A large
k value for topics means that the algorithm requires lengthier
passes to estimate the word distribution for all the topics,
and a good rule of thumb is to choose a value that makes
sense for a particular case; in the present context, we may
consider k � 12 at least assuming that each k value corresponds to the individual author writing style and thus
choosing k � 12 was a sensible choice, and a larger k value
than 12 was required to imitate the versatility of the writing
style of a particular author as two or more topic distributions
were more helpful in this regard. However a lower k value
than 12 does not make any sense. We used k between 12 and
120 with the interval of 10.

(2)

where ui and vi are the vectors of n dimensions over the
document sets u and v where i � 1, 2, 3, . . ., k.
Cosine similarity is considered as the one of the best in
similarity measurement. Cosine similarity is very simple in
implementation complexity as in Gensim [48]. We also used
diﬀerent evaluation metrics in order to validate and compare
our results.
3.8. Classiﬁcation. Text documents are generally represented
as a vector where in a document each attribute represents
particular term frequency occurrence. This term vector form
representation is used to ﬁnd the similarity between the two
corresponding documents. We can apply KNN to our data
that will learn to classify new articles based on their distance
to our known articles (and their labels). The algorithm needs
a distance metric such as Euclidian distance or cosine
similarity to determine which of the known articles are
closest to the new one. We used cosine similarity.

4. Results
In our experiments, we validated the proposed authorship
identiﬁcation scheme by performing tests on twelve datasets
of PAN12 and four datasets of UrduCorpus. In order to
build the low-dimensionality topical representation, the
LDA model receives tokenized text documents with n-grams
of the training set without any label (without the author to
which they belong) as input data type and for evaluation the
unlabeled text documents from the testing set. The experiments comprised in testing a cosine base classiﬁer with the
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output of LDA k-topics in the corpus, and these topics form
a lower-dimensional representation of the corresponding
training set based on vocabulary and then evaluating the
classiﬁer with the testing set using the same lowerdimensional representation. The overall authorship identiﬁcation accuracy rate (AR) is computed by the following
equation:
number of correctly identified articles
accuracy rate (AR) �
total number of test set articles
× 100.

(3)

4.1. Experimental Setup. All the experiments were performed to test the performance and accuracy of the proposed
approach using Intel i7 @ 2.8 GHz, operating on windows 10
pro 64-bit with 6 GB memory. Python 3 (Python Software
Foundation, Wilmington, DE, USA), NLTK [43], and LDA
implementation in Gensim [48] library have been used for
the development of the system. LDA implementation in
Gensim allows both estimation of topics distribution on
training data and inference of these topics on the test data.
We used UrduCorpus dataset (Table 3) that belongs to the
news domain. Note that change of newspaper may aﬀect the
writing style of an author, and similarly over the passage of
time, the individual writing style may also change. The
nature of articles (their topics) also inﬂuences the choice of
words; however, every individual has his/her own vocabulary, and he/she may like to use speciﬁc words unintentionally which can be used for his/her writing style
identiﬁcation.
To evaluate and compare LDA for authorship identiﬁcation, we used PAN12 datasets from small datasets having 3
authors and 12 documents, medium datasets having 8 authors and 24 documents, and large datasets of novel length
documents with 14 authors and 42 documents and for Urdu
dataset, having 4,800 documents written by twelve wellknown Urdu newspaper columnists. We used various performance metrics (precision, recall, and F1-measure) along
with accuracy to demonstrate the quality of autodecisionmaking of cosine-based KNN classiﬁer on PAN12 and
UrduCorpus.
4.2. Results and Discussion. In order to validate the results,
we evaluated LDA-based authorship identiﬁcation approach on instance and proﬁle-based datasets with and
without n-grams, and we carried out a series of experiments
on each dataset with several ﬁlters on the term frequency
and frequent words removal to generate vocabulary with
most appropriate features and diﬀerent number of LDA
topics (12, 24, 36, . . ., 120) for UrduCorpus and LDA topics
3 to 54 for diﬀerent datasets of PAN12. We presented each
experiment with best performance parameter setting for
PAN12 as shown in Table 6.
Our results on PAN12 datasets depicts that LDA with ngrams performed better as compare to simple text. When we
compared instance-based n-grams with proﬁle-based n-

grams, the results were the same, as we have used identical
vocabulary in each comparative dataset. Secondly, here we
have used balanced number of documents and also the
features extracted from these documents were also equal,
therefore, in most of the cases, instance-based results were
the same as compared to relevant proﬁle-based results.
Overall best performance on A, C, and I datasets was 84.53%.
For Urdu datasets, we reported experiments with best
performance parameter setting in Table 7.
Our results clearly show that LDA instance-based ngrams approach outperforms LDA proﬁle-based approach
signiﬁcantly, although we were hoping vice versa as mentioned in the literature [9]. In proﬁle-based approach when
documents were concatenated into single ﬁle to form the
author proﬁle, some important authorship features lose their
prominence in the proﬁle, and these features have signiﬁcant
discriminating power that sharply contrasts documents
between the authors. Secondly, although we have used
balanced corpus in terms of the number of documents, the
average document length per author varies, so when concatenating documents into the author proﬁle, some proﬁles
have a smaller number of words in total as compared to
those of others resulting in unbalanced feature extraction,
whereas in the instance-based approach, some documents of
an author were long enough to become strong candidate of
attributed document. Thirdly, in instance-based approach,
diﬀerent features can be combined easily, whereas in proﬁlebased approach, it is diﬃcult to do so.
We have reported the accuracy percentage yielded by the
LDA + cosine similarity approach, in LDA model, setting the
number of topics k between (12, 24, 36, . . . , 120) with various
vocabulary sizes. Our result shows that varying the number
of topics in the LDA model is critical and it has a huge
impact on performance. Usually, accuracy increases with the
number of topics in a certain range and then begins to
decrease. A clear and precise prescription for this parameter
is not possible, even in the same dataset with diﬀerent
vocabulary sizes.
In order to evaluate the proposed LDA-based approach
on four datasets, we used the same number of topics with
identical vocabulary size initially; however, the results were
not satisfactory for couple of datasets, as with combination
of n-grams document size increases in terms of tokens and
length in the dataset, and thus in these datasets, we cannot
use the same vocabulary size for each LDA model. We tuned
LDA models with diﬀerent vocabulary sizes keeping the
same k topics. We have reported the best performance of
each dataset with diﬀerent vocabulary sizes but the same
number of topics between 12 and 120 in the current context,
and we may assume that each topic at least matches to the
writing style of an author, and thus, ﬁxing k � 12 is a reasonable choice. However, the value of k could be larger than
12 representing the fact that each author may require two or
more topical representations to well describe the style of a
given author. When applying the LDA model on instancebased n-grams dataset with a vocabulary of 104,201 terms
and LDA 60 topics, we achieved an accuracy of 93.17% with
KNN classiﬁer setting of k � 7. Hence, evaluations reported
in this graph indicate that the LDA-based authorship
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Table 6: Unsupervised classiﬁcation of documents based on LDA topics with cosine similarity on twelve datasets of pan12.
Dataset with description
A1 instance-based (original text)
A2 instance-based (n-grams)
A3 proﬁle-based (original text)
A4 proﬁle-based (n-grams)
C1 instance-based (original text)
C2 instance-based (n-grams)
C3 proﬁle-based (original text)
C4 proﬁle-based (n-grams)
I1 instance-based (original text)
I2 instance-based (n-grams)
I3 proﬁle-based (original text)
I4 proﬁle-based (n-grams)

Parameters
Vocabulary 900, k � 6
Vocabulary 1500, k � 6
Vocabulary 900, k � 3
Vocabulary 1500, k � 3
Vocabulary 2400, k � 16
Vocabulary 4000, k � 16
Vocabulary 2400, k � 8
Vocabulary 4000, k � 8
Vocabulary 4200, k � 28
Vocabulary 7000, k � 28
Vocabulary 4200, k � 14
Vocabulary 7000, k � 14

Accuracy rate (%)
83.3
100
83.3
100
50.0
75.0
62.5
75.0
64.3
78.6
64.3
78.6

Table 7: Unsupervised classiﬁcation of documents based on LDA topics with cosine similarity on four datasets of UrduCorpus.
Method and dataset
LDA instance-based (original text)
LDA instance-based (n-grams)
LDA proﬁle-based (original text)
LDA proﬁle-based (n-grams)

Parameters
Vocabulary 44,634, k � 24
Vocabulary 104,201, k � 60
Vocabulary 44,634, k � 60
Vocabulary 55,423, k � 72

attribution model performs signiﬁcantly better on instancebased n-grams dataset than other datasets almost on each k
topics selection. Note that to further elaborate the results in
the following, we used proposed model with instance-based
n-grams dataset.
Figure 4 depicts the result of multiple experiments that
compare the unsupervised classiﬁcation of documents based
on LDA topics with the KNN classiﬁer on four datasets.
Figure 5 depicts the result of multiple experiments that
compare the unsupervised classiﬁcation of documents
based on LDA topics with cosine similarity on PAN12
datasets.
In order to evaluate the proposed LDA-based approach
on PAN12 datasets, we used the number of topics k between
3 and 70 depending upon the number of authors and theirs
documents with various vocabulary sizes (Table 5). We
cannot use the same vocabulary size for each LDA model.
We tuned LDA models with diﬀerent vocabulary sizes
keeping dataset speciﬁc k topics (Figure 6). We reported the
best performance of each dataset with diﬀerent vocabulary
sizes and number of topics between 3 and 70; in the current
context, we may assume that each topic at least matches to
the writing style of an author thus ﬁxing k equal to 3 for
dataset A, 8 for dataset C, and 14 for dataset I is a reasonable
choice. However, the value of k could be larger than 3, 8, and
14, respectively, representing the fact that each author may
require two or more topical representation to well describe
the style of a given author.
When applying the LDA model on A2 and A4 datasets
with the vocabulary of 1,500 terms and k values of 6 and 3
topics, respectively, we achieved an accuracy of 100% with
cosine similarity. On dataset C, we found a best accuracy of
75% with datasets C2 and C4 with the vocabulary of 4,000
terms and k values 16 and 8, respectively. Similarly, for I
dataset, we found the best accuracy of 78.57% with I2 and I4

Accuracy rate (%)
91.42
93.17
91.83
91.75

with vocabulary of 7,000 terms and k values of 28 and 14,
respectively. These results clearly indicate that our approach
works well both on instance-based and proﬁle-based approaches and on instance-based approach model, and it
required a greater number of k topics as compared to the
proﬁle-based approach because in proﬁle-based approach,
all author speciﬁc documents were concatenated and that is
why, it required less number of topics. For instance-based
approach, the LDA model achieved best results when the k
topics were equal to training documents because in PAN12,
training documents were limited to only two per author as
compared to UrduCorpus where the training documents
were 300 per author; therefore, here we assumed that each
document represents only one topic. Hence, evaluations
reported in these graphs indicate that the LDA-based
model performs almost the same on instance-based ngrams dataset and proﬁle-based n-grams dataset however
with diﬀerent k topics. The same Urdu dataset was used to
further elaborate the results of the used model with instance-based n-grams datasets.
Figure 6 shows the confusion matrix obtained with
proposed methodology on 1200 test documents.
This confusion matrix can be used for various performance measures which can evaluate our results in diﬀerent
ways. As we can see, there is a clear diagonal heatmap which
represents the accuracy with respect to the author; however,
there were some documents which were misclassiﬁed. Three
out of twelve authors have at least six misclassiﬁed documents towards single author; for instance, ten documents for
actual author number eight were misclassiﬁed towards
predicated author number ﬁve which shows some resemblance of one’s writing styles. One notable result was that
authors with maximum accuracy also did not have any
misclassiﬁed document in their favor, which shows their
unique writing style.
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Figure 4: Classiﬁcation of documents based on LDA topics with KNN classiﬁer on four datasets.
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Figure 5: Evaluation of LDA authorship identiﬁcation using KNN on PAN12 datasets.

Figures 7–9 show the confusion matrix obtained with
proposed methodology on PAN12 datasets A, C, and I test
documents.
As we can see, from these confusion matrixes of
instance-based n-grams datasets A, C, and I of PAN12,
there is a clear diagonal heatmap which represents the
accuracy with respect to the author; however, there were

some documents which were misclassiﬁed in C and I
datasets. Documents of two out of eight authors were
misclassiﬁed.
4.3. Interpretation of Misclassiﬁed Articles. There can be a
number of reasons for misclassiﬁcation of articles. Firstly, we
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Figure 6: Confusion matrix for test documents of UrduCorpus
using instance-based n-grams approach.
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Figure 8: Confusion matrix for test documents of C dataset using
instance-based n-grams approach.

found that few authors have the writing style such that, in
their articles, ﬁrst they gave quoted paragraphs of other
authors and then discussed their point of view on that topic.
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Figure 9: Confusion matrix for test documents of I dataset using
instance-based n-grams approach.

In this way, they intermingle their writing style with other
authors. Secondly, authors wrote on various domains like
politics, religion, sports, and entertainment as the corpus
was not domain speciﬁc.Our proposed scheme may model
an author in consequence of a document in respect to any
other author in the speciﬁc domain that may result in
misclassiﬁcation. Thirdly, short size of the testing article may
be the cause of misclassiﬁcation.
In Table 8, we reported individual class results in terms
of precision, recall, F1-measure, and accuracy rate obtained
on instance-based n-grams dataset by applying the proposed
scheme for authorship identiﬁcation.
The experiment shows our approach models the authors more accurately on n-grams instance-based dataset.
We achieved 93.17% accuracy rate on this dataset, and
other performance measures were also satisfactory, as
precision measure was ﬂuctuating from 81% to 100% and
recall measure was between 82% and 99% on individual
basis of this dataset. As there is a tradeoﬀ between precision and recall, we attained 93.1% precision and 92.9%
recall on 1200 test documents of the instance-based ngrams dataset.
In Tables 9–11, we reported individual class results in
terms of precision, recall, F1-measure, and accuracy rate
(percentage of correct answers) obtained on instance-based
n-grams datasets A, C, and I of PAN12 by applying the
proposed scheme for authorship identiﬁcation.
We achieved 84.52% of an average accuracy rate on
PAN12 instance-based and n-grams datasets A2, C2, and I2,
and other performance measures were also satisfactory, as
average precision measure was 80%, recall measure was
84.67%, and F1-measure was 80.67% on these datasets.

5. Conclusions
In this paper, we designated the authorship identiﬁcation
problem in Urdu news articles and English PAN12 tasks in
the context of the closed-class problem. As a new authorship
identiﬁcation scheme, we proposed an approach using latent
Dirichlet allocation (LDA) paradigm in conjunction with n-
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Table 8: Unsupervised classiﬁcation of author documents on
instance-based n-grams Urdu dataset.

Table 11: Unsupervised classiﬁcation of author documents on
instance-based n-grams PAN12 dataset I.

Authors
Asad Ullah Ghalib
Dr. Muhammad Ajmal Niazi
Dr. Tauseef Ahmad Khan
Haroon Ur Rashid
Irshad Ahmad Arif
Irshad Ansari
Javed Chaudhary
Karnal R Ikram Ullah
Khursheed Nadeem
Nawaz Raza
Nazeer Naji
Qayyum Nizami
Average

Authors
candidate00001
candidate00002
candidate00003
candidate00004
candidate00005
candidate00006
candidate00007
candidate00008
candidate00009
candidate00010
candidate00011
candidate00012
candidate00013
candidate00014
Average

Precision
0.94
0.96
0.97
0.91
0.81
0.99
0.98
0.87
0.95
0.99
0.83
1.00
0.931

Recall
0.98
0.99
0.99
0.96
0.88
0.97
0.97
0.82
0.96
0.82
0.89
0.95
0.929

F1 measure
0.96
0.98
0.98
0.94
0.84
0.98
0.97
0.85
0.96
0.90
0.86
0.97
0.930

Table 9: Unsupervised classiﬁcation of author documents on
instance-based n-grams PAN12 dataset A.
Authors
candidate00001
candidate00002
candidate00003
Average

Precision
1
1
1
1.00

Recall
1
1
1
1.00

F1 measure
1
1
1
1.00

Precision
1
0.5
1
1
0
1
0
1
1
0.33
0
1
1
1
0.70

Recall
1
1
1
1
0
1
0
1
1
1
0
1
1
1
0.79

F1 measure
1
0.67
1
1
0
1
0
1
1
0.5
0
1
1
1
0.73

design and deploy an automated website scraper incorporated with the proposed LDA model to collect other
such online articles and create a comprehensive database of
all such columnists. By doing so, it could probably help
authorship identiﬁcation on a larger scale.

Data Availability
Table 10: Unsupervised classiﬁcation of author documents on
instance-based n-grams PAN12 dataset C.
Authors
candidate00001
candidate00002
candidate00003
candidate00004
candidate00005
candidate00006
candidate00007
candidate00008
Average

Precision
1
0.33
0
1
1
1
0
1
0.67

Recall
1
1
0
1
1
1
0
1
0.75

F1 measure
1
0.5
0
1
1
1
0
1
0.69

The implementation and datasets used in this paper are
available from the corresponding author upon request.
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Named entity recognition (NER) is an indispensable and very important part of many natural language processing technologies, such
as information extraction, information retrieval, and intelligent Q & A. This paper describes the development of the AL-CRF model,
which is a NER approach based on active learning (AL). The algorithmic sequence of the processes performed by the AL-CRF model
is the following: ﬁrst, the samples are clustered using the k-means approach. Then, stratiﬁed sampling is performed on the produced
clusters in order to obtain initial samples, which are used to train the basic conditional random ﬁeld (CRF) classiﬁer. The next step
includes the initiation of the selection process which uses the criterion of entropy. More speciﬁcally, samples having the highest
entropy values are added to the training set. Afterwards, the learning process is repeated, and the CRF classiﬁer is retrained based on
the obtained training set. The learning and the selection process of the AL is running iteratively until the harmonic mean F stabilizes
and the ﬁnal NER model is obtained. Several NER experiments are performed on legislative and medical cases in order to validate the
AL-CRF performance. The testing data include Chinese judicial documents and Chinese electronic medical records (EMRs). Testing
indicates that our proposed algorithm has better recognition accuracy and recall rate compared to the conventional CRF model.
Moreover, the main advantage of our approach is that it requires fewer manually labelled training samples, and at the same time, it is
more eﬀective. This can result in a more cost eﬀective and more reliable process.

1. Introduction
With the continuous popularization of Internet and mobile
Internet and the continuous improvement of information
infrastructure in various domains, the available digital resources have grown explosively in our metaindustrial societies [1]. On one hand, the sources and the volume of
information have become more abundant. The density of
useful data is decreasing, which makes it more diﬃcult to
mine valuable information. In the era of big data, it is
diﬃcult for people to manually analyze and ﬁlter information, due to their high volume and variety. Automatic
or semiautomatic eﬀective extraction from a large number of
digital resources could lead to the mining of hidden
knowledge. This could be achieved with the help of big data
and artiﬁcial intelligence technologies like NER [2, 3]. NER
is a process of recognizing and classifying words or phrases
with special characteristics or meanings in a text. It belongs
to the category of unsigned word recognition in lexical

analysis, and it is an indispensable part of information
extraction and retrieval, intelligent Q & A, and other natural
language processing technologies [4].
The important role of NER in natural language processing has motivated a lot of research in the domains of
library information and computer science, and it has
resulted in the proposal of several methods. However, the
categories and extensions of named entities signiﬁcantly
vary under diﬀerent research scenarios and domains [5].
More speciﬁcally, the named entities (NAE) mainly refer to
names of persons, places, and time. In the biomedical ﬁeld,
they can include medical terms such as protein, genome, or
labels of diseases. In legislative domains, the NAE may
include legal concepts, terms, or provisions. Obviously, the
speciﬁcation of NER depends on the ﬁeld of study, and it is
diﬃcult to migrate directly [6]. Moreover, in the case of the
domain-speciﬁc NER, such as legislative, ancient Chinese
poetry and so on, the domain entities are relatively scarce,
that is, the directly available training data are a minority. At
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the same time, due to the high specialization of the data, the
domain knowledge must be rich when annotating the domain texts manually. The necessary professional talents and
the heavy workload require a lot of manpower and available
resources. Therefore, the use of less annotated data to train
an eﬀective NER model has become an important goal of the
domain NER research [7].
Active learning algorithms can be used to solve the
problem of sparse data annotating, in machine learning. AL
consists of the learning and the selection modules. The
learning module is the process of training high-quality
classiﬁers, while the selection module is the process of
generating training sets from large amounts of data [8]. The
core of AL is to use the learning algorithm in order to get the
most useful data from the training set and then to add this
data to the manually developed annotation set. In this way,
we can get a classiﬁer with a strong generalization ability,
without requiring a high volume of annotated data [9]. This
paper applies active learning to the ﬁeld of NER. AL is the
main algorithmic framework, and CRF is the corresponding
classiﬁer. We propose a new approach called AL-CRF,
aiming not only to improve the eﬃciency recognition of
the CRF model, but also to decrease the number of annotated training samples as well. The testing experiments on
medical and legislative ﬁelds have proven that our proposed
method can produce a more eﬃcient NER model with fewer
training samples, which can eﬀectively cut the cost of
manual annotation and improve the overall eﬃciency.

2. Background
2.1. Named Entity Recognition. NER has been deﬁned as an
important subtask of information extraction in the MUC-6
conference [10]. The most commonly used relative approaches can be divided into three categories: rule and
dictionary-based methods, statistical, and mixed ones. Early
NER mainly used rule and dictionary-based methodologies,
which require the design and development of the rule sets by
domain experts and the use of proper linguists. Nevertheless,
the rules fail to cover all linguistic phenomena, the construction period is too long, and moreover, this approach has
a lower likelihood of portability [7]. Statistical methods
mainly include hidden Markov models (HMM) [11],
maximum entropy (ME) [12], support vector machines
(SVM) [13], and CRF [14]. These kinds of methods use the
labelled corpus data to train the model combined with
statistical probability. They are easily transplantable and they
have comparatively short construction periods although
they have more strict requirements for feature selection and
much more dependence on the corpus. The mixed methods
model is a combination of rules, dictionary-based approaches, and statistical ones, and they combine the advantages of both. They employ rules to ﬁlter the target text in
advance, and they are reducing the state of the search space,
based on statistical methods. Recently, some hybrid methods
have been introduced, based on deep learning (DL), which
combines DL with rules or statistical approaches [15]. At the
same time, driven by the demand of natural language
processing in various ﬁelds, the recognition objective of NER
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has also evolved from the initial person name, location
name, and time to the words or phrases with special
meanings in the recognition text. Researchers have also
carried out NER research mainly for speciﬁc domain entities, such as ﬁshery data [16], dietary data [17], and Chinese
legal documents data [18]. CRF model is one of the most
popular ones.
2.2. Conditional Random Field. CRF is an undirected graph
model proposed by Laﬀerty in 2001, which combines the
characteristics of the ME and the HMM, and it considers the
transition probabilities between contextual markers at the
same time. The transition probability between tags is optimized and decoded in the serialization form, and the sequence data annotation is carried out by establishing the
probability model [19]. CRF has strong reasoning ability and
is widely used in sequential tagging tasks, such as part of
speech tagging [20], signiﬁcance testing [21], and new word
discovery [22]. NER is also a special kind of sequence tagging
problem, and the CRF has innate advantages in solving it.
When applied to NER, the CRF has good stability, accuracy,
and ease of use [23]. However, as a typical supervised model,
it requires a lot of training data, and the convergence speed is
slow. To solve these problems, many researchers combine
other machine learning algorithms with CRF in an eﬀort to
improve its performance. Such eﬀorts have been made by
Deng et al. [24] who have proposed a short-term traﬃc ﬂow
forecasting model (MCRF) which is based on multiconditional random ﬁelds. It uses four kinds of feature functions
to build multiple CRF feature subsets to reﬂect the multicumulative characteristics of traﬃc data. Xia et al. [25] have
combined convolutional neural networks (CNN) with CRF,
and they have proposed a hybrid classiﬁcation approach for
remote sensing images. These methods greatly improve the
availability and eﬀectiveness of the CRF model, but the
training process is still inseparable from a large number of
annotated data.
2.3. Active Learning. Active learning is a branch of machine
learning (ML) that belongs to the area of artiﬁcial intelligence. It was originally proposed by Angluin of Yale
University [26]. The learning module needs to continuously
improve the classiﬁcation accuracy and robustness of the
classiﬁer, and the purpose of the selection modules is to ﬁnd
out the most representative and extensive training data.
Current research on active learning can be summarized in
two aspects. On one hand, researchers have applied it to
many ﬁelds. Wu et al. [27], Zhu et al. [28], Pohl et al. [29],
have introduced the application of AL algorithm in social
media data, spatial data annotation and image classiﬁcation
respectively. On the other hand, many researchers have put
forward the idea of improving it. Wang et al. [30] have
proposed a new multi-instance AL algorithm by combining
diversity criterion with existing information measure. Patra
et al. [31] have proposed the LAAL-ELM which is an online
continuous learning method. Through the conﬁdence meter
of newly added data, this method selects the tagging set
actively to update the classiﬁer, and it reduces the
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computational complexity. Active learning provides an algorithmic framework to solve the problem of sparse annotating data in the training process of ML. In practical
research, machine learning algorithms are used as a classiﬁer
of active learning. Through the iteration of the learning and
selection processes, the performance of the classiﬁer keeps
improving continuously.
To sum up, although NER has been developed and used
for more than 20 years, the problem of this ﬁeld has not been
completely solved, due to the continuous diﬀusion of the
named entity denotations in diﬀerent scenarios and domains. In previous research eﬀorts, CRF has been one of the
most widely used approaches. However, its training requires
a lot of annotated data. Though it is diﬃcult to obtain
annotated data in a speciﬁc ﬁeld, AL can eﬀectively solve this
problem, as it is capable to ﬁnd high-value data in order to
train high-performance classiﬁers. Therefore, this paper
combines active learning with the CRF model. It uses the
CRF classiﬁer, and it proposes a method to recognize the
NAE which enriches the method of named entity recognition. At the same time, the training process requires a small
amount of annotated data, which is very signiﬁcant to the
application areas where the annotated data is rare and the
annotation is a hard task, e.g., in medical and legal cases.

3. Materials and Methods
3.1. CRF Model. The CRF model is a model that outputs the
conditional probability of a random variable Y with a given
random variable X. This model has various forms including
the linear chain form, the matrix form, and so on. In the
NER process, the CRF model is usually further simpliﬁed,
that is, the random variables X, Y have the same graph
structure, which is shown in Figure 1. X is the input text to
be recognized, and x1 , x2 , . . . , xn−1 , xn are sequences after
word segmentation and feature tagging. The task of the CRF
model is to predict the conditional probability of Y by
training the model parameters, and the calculation method
is shown in equation (1):
1
P(y | x) �
exp
Z(x)
(1)
⎝ λ t y , y , x, i +  μ s y , x, i⎞
⎠,
⎛
k k

i,k

i−1

i

l l

i

i,l

where Z(x) is a normalization factor, whereas tk is an
eigenfunction deﬁned on the edge k, which is called transfer
feature. It depends on the current position and on the previous position. Also, sl is an eigenfunction deﬁned on the
node l which is called state feature, and it depends on the
current position. The parameters λk and μl are the weights
corresponding to tk and sl . The value of tk and sl is either 1 or
0. When the characteristic condition is satisﬁed, the value is 1,
otherwise it is 0.
In this research, the observation set x is the sequence set
that comprises a text corpus after the word segmentation
and feature automatic annotation, and y is the annotation
type corresponding to the observation set x. In the feature

y1

y2

y3

yn–1

yn

x1

x2

x3

xn–1

xn

Figure 1: The structure of CRF model.

model construction, we use a 5-word tagging set that is
expressed as P � {B, I, E, S, O}. Tag B is an entity starting
word, and E represents the end of the entity. All of the entity
is tagged as I except from the beginning and the ﬁnal words.
S represents the entity as a single word, and O is expressed as
a word outside the entity.
3.2. Active Learning Algorithm. In this paper, the algorithmic
process of the AL is shown in Figure 2. Firstly, the initial
samples for training the basic CRF model are selected by
following a certain strategy, and they are annotated by domain
workers. Thereafter, according to the information, the CRF
model is trained, the unlabelled samples are sorted according
to certain ranking rules, and the top N samples are selected for
manual annotating. Then the annotated data are added to the
training set to retrain the CRF model. The learning process
and selecting process are carried out iteratively until the exit
condition is satisﬁed. Obviously, three key problems have to
be solved in the AL process. First, the construction of the
initial training set; second, the choice of the proper strategy
for sample selection; and ﬁnally, the eﬀective setting up of the
iterative process and the quit condition.
The initial training set is used to train the benchmark
classiﬁer in the active learning algorithm. Therefore,
selecting the representative initial training set can train the
benchmark classiﬁer with good recognition result, which
would reduce the number of iterations and could accelerate
the convergence process. Random Sampling is the basic
algorithm for the construction of the initial training set.
However, due to its limited size, the samples selected by this
approach are considered less representative. On the other
hand, the clustering method can aggregate samples with
similar characteristics, so that the stratiﬁed sampling method
based on the clustering results is more likely to choose the
most representative samples.
In active learning, sample selection strategies (SSS) can
be divided in two types, namely, the stream-based SSS and
the pool-based one. The learning process of the stream-based
SSS requires the processing of all unlabelled samples, which
increases the query cost. In addition, since it requires presenting the sample annotation conditions in advance, it does
not have good applicability [32]. The pool-based strategy is
that selecting the sample with the highest contribution from
the sample pool at a time, which reduces the query cost of the
sample, so it is more widely used.
AL is a process which iteratively selects high-value
samples for model training, in order to improve the eﬃciency of the classiﬁers. Although the increase in the number
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Figure 2: The process of active learning.

of iterations can improve the eﬃciency of the classiﬁer, it
also increases the workload of both the sample selection and
the sample annotation. The training process strives to
achieve the balance between sample labelling cost and
classiﬁer eﬃciency. Therefore, in general, the active learning
algorithm will terminate the iteration when the model efﬁciency reaches the present precision or the number of
samples reaches the given threshold value.
3.3. AL-CRF Model. The AL-CRF model takes active learning
as the basic framework and the CRF as the basic classiﬁer of
AL. A hierarchical sampling method based on k-means
clustering is used to select the training set for the initial
learning. An SSS based on information entropy is adopted to
select the samples for the iteration process. The quit condition
of the iteration is based on a deﬁned change rate of the Fvalue. The algorithm framework is shown in Figure 3.
In order to construct a more representative initial training
set, the AL-CRF model uses the TF-IDF algorithm to vectorize the text data. It also employs the k-means algorithm to
cluster the data, and it stratiﬁes the data after clustering. The
whole algorithmic process is described as follows:
(1) Vectorizing and normalizing data using TF-IDF to
get the dataset X after loading the corpus.
(2) Choosing the number of K samples from the data set
X randomly as C.
(3) Calculating the Euclidean distance between the
remaining samples in X and C and classifying
(assigning) the remaining samples in X, to the
nearest cluster according to the distance.
(4) Calculating the mean value of each cluster and
updating the original clustering center after all
samples are divided.
(5) Comparing the new center with the previous clustering center. If there is no change, it will terminate;
otherwise, go to step 2.

(6) Outputting the ﬁnal clustering results.
(7) The initial sample set T was selected by stratiﬁed
sampling according to the clustered results.
The AL-CRF model chooses a pool-based sample selection strategy, and it uses information entropy (IE) as a
measure to evaluate the sample value based on uncertainty
criteria. IE is a measurement unit used to measure the amount
of information. The higher the value of the IE is, the more
information is contained in the sample. This indicates that the
classiﬁer has not determined the proper category. Through
the iterative process, the model predicts the sequence of IE
values of the remaining samples, by employing the existing
classiﬁer. In this paper, the IE value of the sample is the sum of
the IE value of each word in the sample, and the calculation
method is shown in equations (2), (3), and (4):


Hxj  � −  pyi  xj log pyi  xj , (2)
i

H st  �  Hxj ,
j

H dk  �  H st .
t

(3)

(4)

where H(xj ) represents the entropy value of word xj ,
p(yi | xj ) indicates that the label belongs to the possibility of
yi under the given word xj , H(st ) represents the entropy
value of sentence st , and H(dk ) represents the entropy value
of the document dk .
The AL-CRF model sets the change rate of F-value less
than or equal than 0.1% as the iterative termination condition
of the active learning. This means that Ft − Ft−1 ≤ 0.1%, where
Ft represents the F-value of the model in the t iteration, Ft−1
represents the F-value of the model in the t − 1 iteration, and
F0 represents the initial expression. The default value is zero.
This is done in order to control the sample selection and to
mark the cost of the training process.
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Figure 3: The algorithm framework of AL-CRF.

In summary, the AL-CRF model can be represented by
the use of pseudocode as shown in the following Algorithm 1.
The core of the algorithmic process is shown in Figure 4.

4. Experiment
In order to verify the eﬀectiveness of the NER AL-CRF
model and its performance in diﬀerent domains, this paper
selects two diﬀerent datasets in the medical and the legislative ﬁelds. This completes the NER experiment.
4.1. Dataset. In the process of NER in the medical ﬁeld, this
paper uses the EMRs dataset which was released by the
China Conference on Knowledge Graph and Semantic
Computing (CCKS) 2017. To ensure the correctness of this
experiment, we have selected only 300 EMRs that have been
correctly annotated, whereas each EMR is divided into four
parts, namely, “history characteristics,” “hospital discharge,” “general items,” and “diagnosis and treatment.”
The total volume of the experimental data is 1,200 text
numbers and 5 categories of entities. Overall, the total
number is 23,719, and the distribution of categories is
shown in Table 1.
In the legislative domain experiment, this paper obtained 61,515 copies of the judicial documents stored in the
“Chinese justice document network.” After clearing up the
duplicates, blanks, and noncontent data, we got 59,788
valid data, containing 52,995 ﬁrst-instance documents,
5,632 second-instance documents, 325 retrial documents,
37 penalty changes, and 799 documents in other categories.
In this paper, 1,000 pieces of judicial documents have been
extracted and manually annotated in the form of stratiﬁed
sampling, which can be used as the corpus of the legislative
NER experiment to reduce the cost of manual labelling.
There are 73,217 legal entities in the corpus, including 5
categories of crime, penalty, legal principle, legal concept,
and legal provision. The distribution is shown in Table 2.
Since there is no delimiter in Chinese itself, Chinese
word segmentation is the basis of the data analysis. In
order to improve the accuracy of the word segmentation,

this paper attempts to construct the professional dictionaries in both medical and legislative ﬁelds by using
disease symptoms, treatment technologies, crimes, legal
institutions, and legal words obtained from the Internet.
Then, we import them into the NLPIR segmentation tool
of the Chinese Academy of Sciences and cut the words of
EMRs and of the judicial documents, respectively.
After the completion of the manual annotation of the
corpus, the program has been used to tag the POS and the
length of each word automatically and to record whether it is
left or right boundary word. According to the annotation
method of 5-word tagging sets, the format of the corpus is
shown in Table 3.
4.2. Experimental Design. In this paper, CRF and AL-CRF
models have been used to recognize entities in medical and
legislative domain for EMRs and judicial documents, respectively. Ten crossover trials have been conducted in the
speciﬁc experiment, where the training and the testing sets
have been determined based on a ratio of 9 : 1. The CRF++
has been used as a tool for training and evaluating CRF
models and the Spark platform has been selected for text
quantization and text clustering.
In the AL-CRF experiment, the initial corpus of the
active learning model has been set to 100 copies, the sample
size has been increased to 50 per each round of iteration, and
the growth rate of the harmonic mean F has a value less than
0.1% as the iterative termination condition. In the CRF
experiment, random sampling has been used to select the
equivalent of the AL-CRF documents of the training set.
Then the test data have been used to evaluate the eﬀects of
the two models respectively.

5. Results and Discussion
5.1. The Evaluating Indicator. According to the common
indicator system of NER, we selected the following evaluation indicator, involving precision rate (P), recall rate (R),
and F-measure (F) [18]. The calculation method is shown in
equations (5), (6), and (7):
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Initialization: unlabelled dataset U, F0 � 0, i � 0, t � 0, initialization data number n, additional number N in iteration
// k-means clustering
select cluster centers randomly as Ci
do
for u in U do
for c in Ci do
if dis(u, c) is minu then
the cluster of u is c
end
end
end
update Ci to Ci+1
while Ci ! � Ci+1
output the clustered dataset S
select n samples from S by stratiﬁed sampling
annotate n samples into T
train CRFs by T
t⟵t + 1
calculate the F-value of CRFs as Ft
while Ft − Ft−1 > 0.1% do
calculate entropy in {S − T}
rank the {S − T} according to the entropy
annotate top N samples into T
train CRFs by T
t⟵t + 1
calculate the F-value of CRFs as Ft
end
ALGORITHM 1: The pseudocode of AL-CRF.

Start

F�

Setting F0 = 0
Selecting T in training set S

Training CRF model M

Selecting the top-N
samples with the highest
entropy and adding to T

Calculating Ft of M

Calculating entropy in
{S-T}

Ft – Ft–1 > 0.1%

Yes

t=t+1

No
Outputting M
End

Figure 4: The ﬂowchart of AL-CRF.

P�

A
∗100%,
A+W

(5)

R�

A
∗100%,
A+U

(6)

2∗P∗R
∗100%,
p+R

(7)

where A represents the number of entities recognized
correctly, W indicates the number of entities that are recognized by mistake, and U represents the number of entities
that are not recognized at all.
5.2. Clustering Number Selection. In order to determine the
number of k-means clustering, we have conducted 5 rounds
of experiments on the EMRs data and on the judicial
documents, respectively. Each experiment divided the
training and testing sets according to the ratio of 4 : 1 to
conduct clustering experiments.
Since the number of clusters is not too large, each round
of experiments contains 14 clustering experiments, with the
number of clusters ranging from 2 to 15. The sum of squared
errors (SSE) of each round in the EMR experiments is shown
in Figure 5.
According to the general principle of the elbow method,
when the number of clusters is 5 and 8, the SSE value is
lower. In order to further determine the number of clusters,
we select the initial sample set which is selected by stratiﬁed
sampling with 5 and 8 clusters to train the initial recognition
model. Additionally, we use three alternatives as control
groups. In the ﬁrst one, we select the samples randomly; in
the second mode, we employ stratiﬁed sampling with 2
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Table 1: The entity distribution of the EMRs.

Category
Number

Body(B)
8,282

Symptoms and signs (SS)
6,941

Examination and inspection (EI)
6,903

Disease and diagnosis (DD)
657

Treatment (T)
936

Table 2: The entity distribution of the judicial documents.
Category
Number

Charge(C)
1,745

Penalty(P)
4,732

Legal principle (LP)
209

Table 3: The format of the corpus.

SSE

Word
无
发热
,
时
有
咳嗽
、
咳
痰
,
无
胸
闷
、
气
短

37
36
35
34
33
32
31
30

POS
V
Vi
Wd
Ng
Vyou
Vi
Wn
V
n
Wd
V
Ng
V
Wn
N
a

2

3

Length
1
2
1
1
1
2
1
1
1
1
1
1
1
1
1
1

4

First
Second
Third

5

6

Is left
N
Y
N
N
N
Y
N
Y
N
N
N
Y
N
N
Y
N

Is right
N
Y
N
N
N
Y
N
N
Y
N
N
N
Y
N
N
Y

Legal concept (LC)
63,820

Law(L)
2,711

Table 4: The average recognition eﬀect of initial model in EMRs.
Tag
O
SS-S
O
O
O
SS-S
O
SS-B
SS-E
O
O
SS-B
SS-E
O
SS-B
SS-E

7 8 9 10 11 12 13 14 15
Clustering numbers
Fourth
Fifth

Figure 5: The SSE of each round in EMR experiments.

clusters; and in the third, we adopt again stratiﬁed sampling
with 14 clusters. This is done in order to compare the inﬂuence of the number of clusters on the selection of the
initial training set. The average recognition eﬀect of the
above experiments is shown in Table 4.
By analysing the results in Table 4, it can be seen that
selecting the initial sample set after clustering the initial
sample into the appropriate number of categories can improve the accuracy and the recall rate of the initial model.
When the number of clusters is 8, the recognition eﬃciency
of the model is the best. Therefore, for EMRs, the optimal
number of clusters is 8. According to the same experimental

Selection method
Random
2 clusters
5 clusters
8 clusters
14 clusters

P
0.8100
0.8115
0.8053
0.8174
0.8039

R
0.7658
0.7534
0.7707
0.7767
0.7682

F
0.7873
0.7813
0.7876
0.7965
0.7856

procedure, the optimal number of clusters is 10 for the
legislative judicial documents.
5.3. The Evaluation of AL-CRF and CRF
5.3.1. The Dataset of EMRs. In this paper, 1,200 EMRs have
been divided to 10 equal parts. The training and the testing
sets have been divided according to the ratio 9 : 1, and 10
comparative experiments have been carried out. The experimental results are shown in Table 5.
According to the results of Table 5, the recognition efﬁciency of the AL-CRF model tends to be stable when the
number of iterations is 10, using 600 training samples. It is
found that the CRF and the AL-CRF models have good
recognition eﬃciency in the Chinese EMRs, with the recognition accuracy reaching over 90%, and most of the entities have been recognized. However, the recognition
eﬃciency of the AL-CRF model is obviously better than the
one of the CRF and the recognition accuracy can reach up to
95%. The F-value of the model increases almost by 3.65%.
Speciﬁcally, the recognition eﬀect of the ﬁve categories of
entities in the medical ﬁeld is shown in Table 6.
It can be seen that the AL-CRF model is superior to the
CRF model in the recognition eﬀect of various entities. In
both models, the recognition eﬀect is the best for symptoms
and signs, while the entity recognition eﬀect of treatment,
examination, and inspection is not good, which may be
related to the mixing of drug information into the entity of
treatment and the unclear boundary between the entity of
examination and inspection. Through analysis of experimental data, it is found that due to the imported custom
dictionary, the word segmentation of symptoms and signs
entity is more accurate, and its good recognition eﬀect is
related to the result of word segmentation.
5.3.2. The Dataset of Chinese Judicial Documents. At the
same time, 10 comparative experiments have been conducted on the judicial documents. The experimental results
are shown in Table 7.
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Table 5: Comparison table of experimental results in EMRs.
Number of iterations

1
2
3
4
5
6
7
8
9
10
Mean

11
10
9
10
11
10
10
11
10
10

P
0.9603
0.9552
0.9516
0.9501
0.9627
0.9513
0.9498
0.9544
0.9531
0.9602
0.9549

AL-CRF
R
0.9314
0.9328
0.9273
0.9316
0.9462
0.932
0.9297
0.9406
0.9201
0.9224
0.9314

F
0.9456
0.9439
0.9393
0.9408
0.9543
0.9416
0.9396
0.9475
0.9363
0.9409
0.9430

CRF
R
0.9012
0.8992
0.8632
0.9014
0.8979
0.9005
0.8999
0.9025
0.8963
0.9015
0.8964

P
0.9223
0.9252
0.8993
0.9233
0.9236
0.9124
0.9157
0.9208
0.9082
0.9144
0.9165

F
0.9116
0.912
0.8809
0.9122
0.9106
0.9064
0.9077
0.9136
0.9022
0.9079
0.9065

Table 6: The recognition eﬀect of 5 categories in medical ﬁeld.
Model

AL-CRF

CRF

Category
Body (B)
Symptoms and signs (SS)
Examination and inspection (EI)
Disease and diagnosis (DD)
Treatment (T)
Body (B)
Symptoms and signs (SS)
Examination and inspection (EI)
Disease and diagnosis (DD)
Treatment (T)

R
0.9197
0.9556
0.8396
0.9187
0.7607
0.8899
0.9306
0.8065
0.8919
0.7123

P
0.9523
0.9791
0.8042
0.9381
0.7938
0.9312
0.9746
0.7659
0.9133
0.7624

F
0.9357
0.9672
0.8215
0.9283
0.7769
0.9101
0.9521
0.7857
0.9025
0.7365

Table 7: Comparison table of experimental results in judgement documents.
Number of iterations
1
2
3
4
5
6
7
8
9
10
Mean

9
10
9
8
9
9
10
8
9
9

P
0.9314
0.9328
0.9273
0.9316
0.9462
0.932
0.9297
0.9406
0.9201
0.9224
0.9314

AL-CRF
R
0.9603
0.9552
0.9516
0.9501
0.9627
0.9513
0.9498
0.9544
0.9531
0.9502
0.9539

According to the results of Table 7, the recognition efﬁciency of AL-CRF model tends to be stable when the
number of iterations equals to 9, and 550 training samples
are considered. Meanwhile, the AL-CRF model has also
achieved promising results for the entity recognition in the
case of the legislative domain. The recognition accuracy and
recall have been improved, and the F-value has been increased by 4.85% compared with the F-value of the CRF
model. Speciﬁcally, the eﬀect of the 5 categories of entities in
the recognition of the legislative ﬁeld is shown in Table 8.
Trying to assess the eﬀect of various entities to the
recognition, in the case of the legislative data, we conclude
that the AL-CRF model has a reliable performance and an
obvious superiority, compared with the CRF, especially in

F
0.9456
0.9439
0.9393
0.9408
0.9543
0.9416
0.9396
0.9475
0.9363
0.9361
0.9425

P
0.8468
0.8854
0.8993
0.8333
0.8836
0.9024
0.9057
0.8708
0.8982
0.8844
0.881

CRF
R
0.8824
0.8992
0.9132
0.8714
0.8979
0.9205
0.9299
0.9025
0.9363
0.9215
0.9075

F
0.8642
0.8922
0.9062
0.8519
0.8907
0.9114
0.9176
0.8864
0.9169
0.9026
0.894

legislative conceptual entities. Although, due to the wide
range of legislative conceptual entities (e.g., “plaintiﬀ” and
“legal person)” and to the existence of relational concepts
(e.g., “obligation of delivery” and “liability for compensation)” and ﬁnally due to the diﬀerences in the description of
various legal documents, the overall recognition eﬃciency is
still not as high as it should be. In addition, the large number
of long entities in legislative principle entities has a negative
eﬀect.

6. Conclusions
In this paper, the active learning algorithm is applied to the
domain of NER, and the hybrid AL-CRF model, which
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Table 8: The recognition eﬀect of 5 categories in legal ﬁeld.

Model

AL-CRF

CRF

Category
Charge (C)
Penalty (P)
Legal principle (LP)
Legal concept (LC)
Law (L)
Charge (C)
Penalty (P)
Legal principle (LP)
Legal concept (LC)
Law (L)

employs the CRF classiﬁer, is proposed. Through the recognition experiments of medical entities and legal entities, it
is found that this method can train a good NER model with
less annotated data, and it has a certain improvement over
the CRF model in accuracy and recall. It can signiﬁcantly
reduce the labour cost for a large number of annotated data
of the traditional methods, and it can speed up the convergence rate of the model. Thus, it can be more suitable for
the recognition of domain entities with high annotation cost,
and it lays the foundation for other natural language processing tasks in the speciﬁc domain.
Though this research eﬀort is very promising, there are
certain shortcomings. In terms of experimental data, although
two datasets from diﬀerent domains were adopted, their size
was not big enough. Regarding the model itself, the adopted
k-means approach can improve the initial sample quality;
however, it is sensitive to noise and the outliers in the initial
training set may aﬀect the recognition eﬃciency of the model.
The extraction of relations between entities and
knowledge fusion will be the key point in the next step of our
research, in an eﬀort to resolve the existing deﬁciencies.
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Copyright © 2018 Hai Wang et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.
Based on the 64-line lidar sensor, an object detection and classiﬁcation algorithm with both eﬀectiveness and real time is proposed.
Firstly, a multifeature and multilayer lidar points map is used to separate the road, obstacle, and suspension object. Then, obstacle
grids are clustered by a grid-clustering algorithm with dynamic distance threshold. After that, by combining the motion state
information of two adjacent frames, the clustering results are corrected. Finally, the SVM classiﬁer is used to classify obstacles with
clustered object position and attitude features. The good accuracy and real-time performance of the algorithm are proved by
experiments, and it can meet the real-time requirements of the intelligent vehicles.

1. Introduction
Road target detection and classiﬁcation is an important part
of the safe driving of unmanned vehicles, especially in
complex urban roads [1]. Among many kinds of sensors, due
to the high resolution and precision of 64-line lidar, it is
widely concerned by researchers and industrial developers.
Unlike vision and millimeter radar, 64-line lidar has much
bigger data amount to process which is more than 1 million
3D points per second at 10 Hz frequency, so that it has strict
requirements on the real-time performance of the environment sensing algorithm.
There are two types of mainstream point cloud data
processing methods. One is directly based on point cloud
processing [2, 3], and the other is based on the grid map
[4–6]. The former needs to process and classify every laser
point which is extremely time consuming, while the latter
one transfers 3D laser points to several 2D grid and then
classify those new generated grids which is able to dramatically reduce classiﬁcation calculation cost. The traditional grid map construction method contains several types
such as mean height map [7], maximum height map, and
minimum height map [8]. However, those methods that use

single threshold are diﬃcult to divide obstacles of diﬀerent
heights and shapes [9, 10]. For example, they cannot distinguish between slopes, low obstacles, and roadside, and
they often consider hanging objects as obstacles such as
twigs above the vehicle height.
In laser points clustering, the computation cost of
existing clustering algorithm such as K-means clustering,
density clustering [11, 12], and hierarchical clustering
[13, 14] are O(m), O(m2) and O(m2 log m) which directly
relate to the point number m. The above clustering algorithm will increase the computation time, and it is diﬃcult
to meet the real-time requirements of unmanned vehicles.
Classiﬁcation of obstacle targets around unmanned
vehicles in dynamic environments is also very important for
path planning and behavior prediction of the unmanned
vehicle. In [15], the point clouds acquired by the lidar were
projected onto the grid, clustered by the global nearest
neighbor (GNN) and for each candidate, its eigenvector was
calculated and classiﬁed by using the support vector machine (SVM) based on the radical basis function (RBF)
kernel. In [16], the vehicles and pedestrians were classiﬁed
using the Gaussian hybrid model classiﬁer (GMM classiﬁer).
In [17], the point cloud is projected onto a 2D grid, and the
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features of the envelope rectangular block in the grid map
are extracted and classiﬁed by RPN network. In [18], the
support vector machine is combined with the reﬂection
intensity probability distribution, the longitudinal height
contour distribution, and the position and attitude correlation features to classify the lidar point cloud features. The
literature [19] combines the basic features of point cloud and
contextual semantic environment to construct the original
and extended feature vector of point cloud and use the
support vector machine for target recognition.
In this work, an object detection and classiﬁcation algorithm with both eﬀectiveness and real time is proposed.
The algorithm separates the road, obstacle, and suspension
objects by using a multifeature and multilayer elevation map.
Then, obstacle grids are clustered by a grid-clustering algorithm with dynamic distance threshold. After that, by
combining the motion state information of two adjacent
frames, the clustering results are corrected. Finally, the SVM
classiﬁer is used to classify obstacles with clustered object
position and attitude features.

2. Grid Map Construction
This paper uses a multifeature multilevel height map to
abstract lidar point cloud data. The multifeature multilevel
height map is a variant based on multiscale height maps
which divide the surrounding space of the vehicle into three
layers. The ﬁrst layer is the pavement layer, indicating the
road surface where the vehicle is able to travel. The second
layer is the obstacle layer, including various obstacles such as
vehicles, pedestrians, buildings, traﬃc signs, trees, and so on.
The last layer is the suspension object layer, indicating the
obstacle whose height is greater than the vehicle’s safe height
and will not aﬀect the vehicle’s travel but is detected by the
lidar. The algorithm ﬂow is shown in Figure 1.
2.1. Grid Point Cloud Segmentation. The laser points located
in the same grid are sorted according to the height from
small to large so that a list of data points is obtained. Set the
two-point interval height threshold as Ht . When the interval
between the upper point and the lower point is greater than
the interval height threshold, these two points belong to
diﬀerent plane blocks. Repeat the process to traverse the
entire grid map to form all the plane blocks Pk . For each
plane block that has several laser points in the grid, it
contains ﬁve features: maximum height MaxHk , minimum
height MinHk , height mean MeanHk , intensity mean
MeanIk , and intensity variance σ k . Here, maximum height,
minimum height, and height mean characterize the geometric characteristics of point clouds in plane blocks, and
the other two reﬂect the reﬂection intensity characteristics of
point clouds.
2.2. Pavement Layer Detection. Unlike most algorithms
which only use height features for pavement layer segmentation, height and intensity information of point cloud
are both used in this work.
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2.2.1. Height Information. The maximum and minimum
height of the plane block is used as the pavement classiﬁcation feature. Due to the error of the lidar calibration,
a two-step approach is used to judge the ground ﬂoor.
For each plane block H, ΔH � MaxH − MinH. If
ΔH > b, this plane block is considered as an obstacle. If
ΔH < a, this plane block is considered as a pavement plane.
If a < ΔH < b, intensity characteristics will be introduced
because it is diﬃcult to determine whether the plane block is
an obstacle or a pavement by relying solely on the height
feature. Here, a and b are threshold in which a will be smaller
and b will be larger.
2.2.2. Intensity Information. When a < ΔH < b, the block
may be a road with a steep slope or an object with a small
vertical height, so intensity information is needed for further
judgment.
The intensity value of the lidar return is between 0 and
255. Here, we take a big amount of samples and count their
intensity values. In this work, the lidar intensity value
probability distribution curve of 200 vehicles, 200 pedestrians, and asphalt, cement pavement is obtained as shown in
Figure 2. It can be seen that no matter a vehicle or a pedestrian, its intensity variance is bigger since its surface material
and color are usually not uniform. On the other hand, the
pavement property is relatively uniform, so its intensity
distribution is relatively regular and the variance is small.
Based on this, if the intensity variance of a block is less than
the variance threshold VarIt , the block will be taken as
pavement plane otherwise it will be considered as obstacle.
2.3. Obstacle Layer and Suspension Layer Detection. After
getting all the pavement layers, it is possible to obtain the
average height HG of all the pavement layers. Then, it is
possible to set the suspension object layer height HF as follows:
HF � HG + HV + HS ,

(1)

where HV is the height of the unmanned vehicle and HS is
the artiﬁcially set height of the obstacle from the roof of the
vehicle while driving.
Hence, the plane block whose height is bigger than HF
will be considered as suspension layer while the rest is
obstacle layer.

3. Obstacle Grid Clustering
Since we have projected the lidar point cloud into the grid
map in the previous grid map construction step and obtained
the obstacle grids, here the clustering time complexity reduced to O(g), where g is the number of obstacle grids which
is thousand times less than the number of raw lidar points.
Due to the ﬁxed resolution of the lidar beam angle, its
resolution will decrease as the distance increases which will
lead to decompose a distant obstacle into multiple discrete
parts and consider as multiple obstacles. To avoid this, we
combine the obstacles motion state information of two
adjacent frames to correct the spatial clustering results. The
clustering algorithm ﬂow chart is shown in Figure 3.
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For diﬀerent distance grid clustering in one frame, different distance thresholds are selected to cluster the discrete
grids. The grid-clustering threshold is set as NT � DT /G,
where G is the grid size and DT is the radius parameter. For
each grid, the adjacent grids in the area of (2NT − 1)×
(2NT − 1) will be considered as one obstacle object.
In radius parameter setting, Borges proposed a method
for calculating the radius parameter using distance values rk
[20], as shown in Figure 4.
Calculation formula of DT is
sin(Δφ)
DT � rn−1
+ 3σ r ,
(2)
sin 20∘ − Δφ
where rn−1 is the center coordinate distance of the obstacle
grid, σ r is lidar sensor measurement error, and Δφ is horizontal angle resolution for lidar.
In order to further improve the accuracy of clustering,
a target association matching clustering correction-based
clustering is used. It pairs the closest obstacle blocks in the
spatial clustering results at time t − 1 and t by using four
parameters: obstacle center coordinates, direction of motion,
speed, and intensity mean.

4. Target Classification
In this work, dynamic obstacles in the road environment are
separated into four categories: motor vehicles, nonmotor
vehicles (bicycles), pedestrians, and others. Based on the
motion characteristics and geometric contour characteristics
of these four categories of obstacles, a SVM-based target
classiﬁcation method is proposed, as shown in Figure 5.
4.1. Target Feature. Since the information data of each obstacle
are saved as a box model, the feature is also extracted from the
box model. For each target box model, it has several groups of
features listed as follows: (1) point X, point Y, point Z, and
alpha which are the position and attitude features of the target;
(2) length, width, height, and delta which are the contour
features of the target. Here, alpha is the relative observation
angle with the range of (−π, π), as shown in Figure 6.
4.2. SVM Classiﬁer. This work chooses the SVM classiﬁer for
obstacle classiﬁcation which is good for small sample and
nonlinear sample classiﬁcation problems.
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high-dimensional feature space to construct a linear
function for classiﬁcation. The radial basis kernel function
(RBF) is used:

Delta

K(x, y) � exp−c|x − y|2 .

(3)

5. Experiment and Analysis
Alpha
Target object

Self car

Figure 6: Schematic of delta and alpha.

In order to solve the nonlinear classiﬁcation problem,
the SVM classiﬁer uses the kernel function to map
the low-dimensional space classiﬁcation problem to the

5.1. Clustering Experiment and Analysis. The clustering algorithm is compared with the eight-connected clustering
algorithm under ﬁxed distance threshold and density-based
spatial clustering of applications with noise (DBSCAN)
algorithm. We use these three methods to carry out experiments on 200 target vehicles in the road environment.
Through the experimental analysis, the clustering accuracy
rate of the obstacle targets is shown in Table 1. Partitionbased methods, such as k-means, need to know the number
of clusters in advance, so they are not suitable for unmanned
vehicles and we do not include them in the comparison. The
average time taken by this algorithm is about 15 ms.
A set of intuitive comparisons are shown in Figure 7.
Figure 7(a) shows the eﬀect of the proposed clustering algorithm, Figure 7(b) is that of eight-connected clustering
algorithm, and Figure 7(c) is that of DBSCAN. It can be seen
that, in far distance, the eight-connected clustering algorithm marks one object incorrectly as multiple objects and
the DBSCAN is a little better than that while our method still
works well.
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Table 1: Clustering algorithms comparison.

Target distance (m)
0–20
20–40
40–80
80–150

Eight-connected clustering algorithm accuracy (%)
73.4
64.9
41.5
18.6

(a)

DBSCAN accuracy (%)
78.3
70.1
52.9
21.4

(b)

Our method accuracy (%)
92.6
86.7
69.3
36.3

(c)

(d)

Figure 7: Clustering experiment. (a) Our method. (b) Eight-connected clustering. (c) DBSCAN. (d) Corresponding visual image.

5.2. Classiﬁcation Experiment and Analysis. This experiment
used the software developed by Professor Lin Chih-Jen of
Taiwan University—LIBSVM [21]. In addition, the KITTI
data set and the BDD100K are used for classiﬁcation testing
[22, 23]. Overall, there are 5217 samples containing 4091
vehicle samples, 417 bicycling samples, 573 pedestrian
samples, and 136 other samples. Here, we take about 70% of
the total number of samples as training samples and the rest
as test samples. Through the grid optimization algorithm,
the parameter penalty factor C � 246, the parameter
c � 0.012065, and the optimal recognition rate is 88.31%, as
shown in Table 2.
A group of classiﬁcation experiments is shown in Figure 8. Green, yellow, and red boxes mean vehicle, bicycle,
and pedestrian, respectively, and the overall classiﬁcation
time is 10 ms per frame.

Table 2: Classiﬁcation test result statistics.
Sample number
Correct classiﬁcation
number
Classiﬁcation rate

Overall Vehicle Bicycle Pedestrians
1566
1228
126
172
1383

1172

71

88.31% 95.44% 56.35%

138
80.23%

6. Conclusion
Focusing on the diﬃculty of the large data of 64-line
lidar which aﬀect the real-time performance of unmanned
vehicle, an object detection and classiﬁcation algorithm
with both eﬀectiveness and real time is proposed. The
algorithm separates the road, obstacle, and suspension by
using a multifeature and multilayer elevation map. Then,
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(a)

(b)

(c)

(d)

(e)

(f )

Figure 8: Target classiﬁcation experiment result.

a grid-clustering algorithm based on dynamic distance
threshold is used to cluster the obstacles, and the clustering
results are corrected by combining the motion state information of two adjacent frames. Finally, SVM is used to
classify obstacles. The experimental results show that the
algorithm has good obstacle detection and classiﬁcation
accuracy and better real-time performance to meet the realtime requirements of unmanned autonomous vehicles
while driving on the road. During the experiment, it was
also found that the detection rate of bicycles and pedestrians is relatively low. This may be because the lidar can
only scan a small part of pedestrians and bicycles far from
the autonomous vehicle, and some of these parts are often
ﬁltered by the ﬁltering algorithm or the features we use do
not distinguish pedestrians and bicycles very well. So, in the
future work, we will improve the ﬁltering algorithm so that
more obstacle information will be acquired and new features, such as speed, will be added to better distinguish
pedestrians and bicycles.
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