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Abstract
In this paper we present a new strategy for deploying massive runs of evolutionary algorithms with the well-known
Evolutionary Computation Library (ECJ) tool, which we combine with the MapReduce model so as to allow the deployment of computing intensive runs of evolutionary algorithms on big data infrastructures. Moreover, by addressing a hard
real life problem, we show how the new strategy allows us to address problems that cannot be solved with more traditional approaches. Thus, this paper shows that by using the Hadoop framework ECJ users can, by means of a new parameter, choose where the run will be launched, whether in a Hadoop based infrastructure or in a desktop computer.
Moreover, together with the performed tests we address the well-known face recognition problem with a new purpose:
to allow a genetic algorithm to decide which are the more relevant interest points within the human face. Massive runs
have allowed us to reduce the set from about 60 to just 20 points. In this way, recognition tasks based on the solution
provided by the genetic algorithm will work significantly quicker in the future, given that just 20 points will be required.
Therefore, two goals have been achieved: (a) to allow ECJ users to launch massive runs of evolutionary algorithms on
big data infrastructures and also (b) to demonstrate the capabilities of the tool to successfully improve results regarding
the problem of face recognition.
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1 Introduction
Real life complex optimization problems, such as the
one we are interested here, face recognition, are perfect
candidates for evolutionary algorithms (EAs), and new
parallel hardware provides the means for addressing
those problems. Moreover, when the main goal for the
EA is to evolve new approaches to improve previous
solutions, the need for parallel and distributed infrastructures is a must, given the long time required to
reach a solution.
If we focus on the real life problem we are interested
in, we may consider standard approaches to face recognition. As we will later see, available techniques typically rely on a number of interest points—around 60 of
them—that are located on human faces and are analyzed and compared with those contained in available
databases to correctly identify those faces. The larger

the set of analyzed points, the longer the computing
time required to reach a match.
We are especially interested in this problem here not
just to improve the computing time of a specific
approach. We would like to see if a general
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improvement can be reached by reducing the number
of interest points required for face recognition. Yet,
such an approach requires a meta-learning process: the
best IPs must first be identified, and then a second
training step will allow a given algorithm to employ
those IPs to develop a face recognition algorithm.
Today, open source efficient solutions supporting
big data approaches are an option, but several factors
keep them out of the selections made by EA researchers: they frequently rely on sequential versions of the
algorithms, mainly because of the difficulty for migrating software tools to parallel and distributed environments and also due to the typical resistance by users to
change to new software (Stelzer and Mellis, 1998).
This paper is built on a previous work where a
MapReduce version of a well-known EA tool is
described (Chávez et al., 2016). In this paper we
describe on the one hand, the real life problem we are
interested in, improving face recognition by identifying
a reduced set of facial interest points. On the other
hand, we develop a new version of the ECJ based tool
that makes use of MapReduce; we analyze performance of the tool and then apply it to the problem we
are interested in, being thus able to notably reduce the
number of interest points required for face recognition.
Therefore the main contribution of this paper is the
application of a massively parallel EA, based on the
MapReduce approach to the selection of best IPs for
the human face recognition problem. Results show how
the initial set of 60 IPs is reduced to just 20, while accuracy is maintained.
The rest of the paper is organized as follows: Section
2 presents the problem we address and the need for parallel EAs; in Section 3 we provide a description of the
ECJ integration with Hadoop and describe the methodology applied. Afterwards, in Section 4, we show the
results obtained. Finally, our conclusions are drawn in
Section 5.

2 The problem of face recognition
2.1 ECJ and Hadoop
ECJ is one of the best known EA tools, developed in
java. ECJ offers parallel models, such as the island
model that can be run on top of desktop multicore systems and clusters. Nevertheless, if there is a need for
using a different infrastructure, several changes must
be applied to the tool. This was the case in our recently
published Desktop Grid version of the tool (Fernández
et al., 2014). Yet we are interested here in more reliable
infrastructures, such as clusters, that may be used in
connection with big data approaches.
In this work, we thus follow an alternative path,
while trying to improve the ECJ project by adapting it
to the MapReduce model (Dean and Ghemawat, 2008,
2010). Also, another important goal is that internal

changes should not affect the way researchers use the
tool, so as to prevent any drop in utilization by the
people already using the tool: they must be able to
launch massive runs on big data infrastructures in the
same easy way they run the sequential version of the
algorithm.
MapReduce is a model deriving from the functional
programming paradigm designed to compute massive
commands in its inherent parallel way of describing
actions. The idea is to apply map operations massively
in a parallel way to a large amount of data, and then
employ the reduce operation to unify and extract
conclusions.
Interest in this model has allowed for the development of a number of software tools and frameworks
embodying its principles. One of the best known open
source initiatives has been developed by the Apache
foundation and is called Hadoop (White, 2012;
Shvachko et al., 2010).
Apache Hadoop includes an ecosystem to massively
process large amounts of data by means of a simple
programming model. Hadoop easily scales and can be
run within a single computer or on up to several thousand processors. The framework is fault tolerant, thus
providing high reliability features. Hadoop provides:
(a) a high performance distributed file system (HDFS)
so huge amounts of data can be easily shared and
accessed by every computer node; (b) tools for managing and balancing work units; and finally (c) the
MapReduce programming model.
In this work, we present an enhancement to the ECJ
tool based on MapReduce so that the EA community
can easily use this kind of technology. Although several
parallel and distributed models of EAs could be considered, we focus here on the simplest one, especially
designed for the simultaneous evaluation of a number
of individuals from the population. Therefore, the idea
is that the fitness function can be computed as a
Hadoop task; hence, at every generation all fitness evaluations can be managed by the proposed tool and run
through the MapReduce model. As we will see later on,
the model can be successfully applied to computational
intensive problems, such as the one we are more interested in here, related to the selection of IPs in machine
learning based face recognition problems.
Face recognition is a basic task used daily by
humans in all kind of activities that is still daunting to
researchers because of the ease with which it is performed naturally despite and the difficulty of automating it within a computer. Indeed, developing a
computational system exhibiting the abilities of
humans for face recognition could have multiple purposes such as: biometric authentication for public
safety, such as the case of border protection or
restricted access; multimedia entertainment and communication, such as the case of data associated with
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individuals; and so on. Historically, the development of
algorithms for pattern recognition has been connected
with the task of face recognition (O’Toole, 2013), since
these algorithms offer mathematical and computational
models useful in the understanding of such problems.
Normally, the endeavor of finding novel features associated with the main facial landmarks is a crucial step
in these algorithms. The discovery of prominent features depends upon the relationship between the way in
which humans perform the task of face recognition and
how the same task is achieved by computers. In particular, the measurement and discrimination that a
machine needs to perform the calculation at the
moment of evaluating the human face is considered of
paramount importance by researchers (Srinivasan and
Balamurugan, 2014). Nowadays, there are a number of
proposals that have been developed with the aim of solving the automation of this difficult problem.
One idea is to state the face recognition problem in
terms of special landmarks called interest points (IPs),
which are considered powerful local invariants like the
well-known SIFT descriptor (Lowe, 2004), and there
are actually some machine designs related to IPs
(Trujillo and Olague, 2008; Olague and Trujillo, 2012),
as well as to the SIFT descriptor (Perez and Olague,
2013). This idea of computing IPs was actually applied
to the problem of facial expression recognition with
great results (Trujillo et al., 2005). That proposal is
related to the analysis of textures around IPs based on
the idea that local information about IPs is employed
in defining facial traits (see Figure 4, below). This principle has been extensively used within in content-based
image retrieval (CBIR), which has been used in the case
of image recognition as applied to biomedical images
(Uwimana and Ruiz, 2008) and for natural image landscapes (Serrano et al., 2013). Also the CBIR approach
has been used in the face recognition problem with the
requirement that at least a set of 60 IPs were needed
(Benavides et al., 2015). This set is used to describe the
neighborhood around each facial landmark, which is
then used to build the information through three statistical traits (average, variance and homogeneity) for
each image band. This approach uses as many points as
specified by the template that is then used in each database. Thus, if the number of IPs is increased the total
computational effort will also increase during learning.
The advantage is the fact that a 100% recognition rate
is achieved with this methodology. Nevertheless, the
automation could be greatly improved if the number of
IPs was reduced by some procedure without degrading
performance.
Our approach relies on EAs, and we will apply them
not just to train a given algorithm on an available database, but to evolve an appropriate set of points, so that
the learning process can then be shortened. But this is
time consuming: each of the EA individuals within the

3
population will be by itself a face recognition algorithm
working with a different set of points. Thus every generation will need to evaluate a number of algorithms’
instances, each of them working with a different set of
points, and the evolutionary approach must lead us not
only to the classifier, but also to the appropriate set of
points. The mechanism is thus so time consuming that
big data approaches in combination with EAs are
required. We are thus interested in applying a wellknown EA tool in connection with big data infrastructures, and this is the reason why ECJ has been chosen,
although a number of modifications and improvements
must be introduced to be able to run as desired.

3 Methodology
The main idea is to merge ECJ and Hadoop so that all
fitness evaluations are deployed as working units in the
MapReduce model. This will allow the system to face a
real-life problem where the fitness function takes a long
time and/or a large number of individuals are included
within the population. Although the specific problem
we are addressing does not need a large population,
every fitness evaluation—a machine learning process
by itself—requires so much computing time that the
approach developed perfectly matches the problem.
However, we consider the possibility of including
not just a single individual per working unit but a number of them to reduce latencies related to communication processes. According to the MapReduce model the
fitness function is the task to be distributed so the main
evolutionary loop should be changed accordingly.
After reviewing the ECJ source code, we noticed
that several functions were already available providing
check pointing facilities. Hence, the population can be
stored when required, freezing the process and continuing it later by simply loading the previously saved serialized file. This is the main operation on which we
build the new functionality, given that the saved file
can be accessed on the HDFS by many mapper processes, and all could share the state of the EA process
and access the set of individuals to be evaluated. We
must nevertheless take into account that the serialized
information does not include the population of individuals: that must be saved in a different file. Figure 1 graphically depicts how Hadoop works with the master
process, through the main loop, and illustrates the slave
layer in charge of launching the map works, called
TaskTrackers.
Once the check pointing process saves the required
information, a file containing all individuals to be evaluated is defined and used as the input to the first task
that Hadoop will launch. This first task will then produce as many new mapper tasks as required to evaluate
all the population. Every mapper will then read information from the previously saved problem, shared
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Figure 1. Layers of Hadoop, distributed in a master processor
and a number of slave ones.
Figure 3. Tools integrated in Cloudera.

implement the fitness function and select the parameter
values. Thus, according to the new model described,
and given that we want all of the process to be transparent to users, a user will only have to provide the fitness function, and setup the eval parameter to the new
available value, ec.hadoop.HadoopEvaluator. Other
parameters are:
!
!
!
!

main folder for the serialized file (parameter name:
eval.hdfs-prefix, default value: ecj_work_folder_hc);
address for the JobTracker (parameter name: eval.jobtracker-address, default value: localhost);
JobTracker port (parameter name: eval.jobtrackerport, default value: 8021);
HDFS address (parameter name: eval.hdfs-address,
default value: localhost);
HDFS port (parameter name eval.hdfs-port,
default value: 8020).

Figure 2. Map and reduce processes in charge of data
processing.

!

through the file system to load the set of individuals to
be evaluated. We delegate on Hadoop the load balancing strategy to manage the way work units are distributed along the computing nodes. Figure 2 shows the
relationship between the map and reduce processes for
ECJ.
A map process requires a series of input/output
parameters, namely a key–value pair. In this case, the
key–value pair will be the index for the individual to be
evaluated and its assigned value. As output, the value
will be provided by the fitness function. Once the work
is done, all fitness values are gathered, finishing the
map step, so that the algorithm can continue within the
master process.
All described changes have been applied in a new
version named ECJ + Hadoop, sometimes providing
new functions, such as ec.hadoop.HadoopEvaluator.
This new process will be in charge of computing the fitness values. Algorithm 1, given as an example, includes
the details for the map process that will be run simultaneously in every processor.
Any ECJ user knows that for any new problem to
be solved by the tool, it is typically enough to

As a result, the tool can easily implement and
deploy any optimization problem that requires a large
amount of data. Of course, it is desirable to run this
new version of the tool on a cluster of computers. In
the experimental stage described next, we employed
Cloudera (2015).

3.1 System deployment
Among different possibilities for setting up a Hadoop
infrastructure, we decided to use Cloudera (2015).
Cloudera is a single platform for big data projects integrating Hadoop among other tools. It allows for centrally management and monitoring of the hardware
infrastructure on which it is installed. It allows for both
running parallel processes and also sharing a distributed storage system. Cloudera provides a quick and easy
installation of all required elements to use Hadoop,
and includes an entire ecosystem of tools that facilitate
managing tasks, scheduling and the monitoring of jobs.
Figure 3 shows the toolkit that accompanies Cloudera
Hadoop when installed.
Among the tools included in Cloudera we find:
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Time (minutes) for evaluating a population of individuals.
Algorithm 1: ec.hadoop.HadoopEvaluator algorithm
import java . io . IOException;
import org . apache . hadoop . mapreduce . Mapper;
import ec . EvolutionState;
import ec . Individual;
import ec . hadoop . writables.FitnessWritable;
import ec . hadoop . writables.IndividualWritable;
import ec . hadoop . writables.IndividualIndexWritable;
import ec . simple . SimpleProblemForm;
public class EvaluationMapper extends
Mapper\IndividualIndexWritable, IndividualWritable, IndividualIndexWritable, FitnessWritable. {
public static EvolutionState state;
@Override
protected void map(IndividualIndexWritable key, IndividualWritable value, Context context)
throws IOException, InterruptedException {
state = value . getEvaluationState();
Individual ind = value.getIndividual();
//Evaluate individual
SimpleProblemForm problem = ((SimpleProblemForm) state . evaluator . p\_problem);
Problem . evaluate ( state, ind, key. getSubpopulation (), 0);
//Emit key and value context. write( key, new FitnessWritable(state, ind. fitness));
}
}

Table 1. Infrastructure used to run Cloudera.
Node

RAM (Gb)

HD (Gb)

Cores

Roles Cloudera

1
2
3
4
5
6

16
16
16
16
16
16

75.5
74.7
74.7
141.4
75.5
75.5

8
4
4
8
8
8

13
9
10
7
5
6

!
!
!
!
!
!
!
!
!

Pig: high level data-flow language to facilitate
MapReduce programming;
Hive: provides a SQL interface with data stored in
the HDFS;
Oozie: workflow planner to manage Hadoop jobs;
Hue: web interface to simplify the use of Hadoop;
HBase:
distributed
non-relational database
(NoSQL) running on the HDFS (inspired by
Google BigTable);
Sqoop: allows for efficient transfer of data between
Hadoop and relational databases;
ZooKeeper: centralized configuration, named, distributed and synchronization services groups for
large distributed file systems;
Flume: collection, aggregation and movement of
large log files to the HDFS;
Mahout: scalable machine learning algorithms and
data mining on Hadoop.

We configured Cloudera on a hardware infrastructure consisting of six blade servers divided into two

blades with four cores each and four blades with eight
cores each. The main features of each server are
described in Table 1.
Once Cloudera is deployed on the cluster, a cache
memory and distributed storage through the HDFS are
shared among all computing nodes. This allows us to
view the system as a single unit, where data is distributed and can be accessed by all processes deployed in the
cluster.

3.2 A real life problem: Face recognition as a pattern
recognition application
The problem we want to approach consists of applying
an EA capable of deciding which are the best IPs for
the learning process. This meta-learning algorithm will
employ a genetic algorithm (GA) with a binary chromosome: each bit describes whether a certain IP will be
employed during the training and testing processes of
the algorithm. A number of databases are available
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Table 2. Dataset features.
db

AR

Ex.Yale B

Yale

Bio ID

MUCT

N. images
People
C/GS
Type
Resolution

4,000
126
C
JPG
7683576

16,128
27
GS
PGM
6403480

165
15
GS
GIF
3203243

1,521
23
GS
PGM
6483286

3,755
276
C
JPG
6403480

with hundreds images for the learning step. In this
work, we have employed the datasets with the features
shown in Table 2 (Fei-Fei et al., 2007). Each image
from the database includes meta information known as
IP coordinates, which are located at different locations
of the face.
The fitness function will check whether the algorithm
is capable of learning and hence correctly classifying the
faces, based only on the IPs selected by the GA, while
the learning algorithm performs CBIR as described in
Benavides et al. (2015). The training–testing process
applied to the individuals must perform the computation of the fitness value, this problem is computationally intensive and the reason for selecting it to test on
ECJ + Hadoop.
Each individual provides a set of IPs. The learning
algorithm must then employ the faces of the training
set from the database to extract the features by CBIR
around the points for training. Then, the images of the
test set are used to check the accuracy of the algorithm.
The first model of the fitness function considered only
the retrieval percentage of the classifier for the associated individual, as described in Benavides et al. (2015).
A priori, we know that the full set of IPs achieves a
100% recognition rate, but in that model the number
of IPs was not included to penalize the fitness results.
Therefore, we plot a new fitness function which is
defined by equation (1)
f =1+c "

%IP
%PC

ð1Þ

where %IP is the percentage of IPs of the selected individual and %PC is the percentage of classification
achieved by the selected individual. Moreover,
%IP = (NP 3 100)=TP, where NP is the number of
selected IPs in the chromosome and TP is the total
number of selected IPs of the template using the database and according to Figure 4, while c = 0:187 is a
penalization factor applied when a minimum of 10
points is reached, experimentally chosen from the
images data sets, whose value ranges between 0.15 and
0.187 as a percentage according to the total IP landmarks per data set. The fitness function must apply a
number of image processing operations to convert
images to the HSI color space, compute statistical values and generate a descriptor vector, which will be the

Figure 4. Interest points used for the face recognition
problem, and the considered neighbors around each IP for CBIR
implementation.

output for each image. An overview of the described
evolutionary process when the evaluation is done using
MapReduce jobs is shown in Figure 5. For a deeper
understanding, a detailed view of the evaluation process is shown in Figure 6, where the process is performed by running two MapReduce jobs. Firstly, a
training job (a) will run. In this job, images will be processed by a set of map tasks, and then a final reduce
task will take outputs from all map tasks and generate
a normalized matrix that is finally used by a k-Means
algorithm to compute the final matrix. This matrix will
be the output of the reduce phase, and so, the result of
the training job. After the training job has finished, a
query job will run (b). In this job, following similar
operations as in the training job, the algorithm tries to
recognize the faces based on the knowledge acquired in
the previous job (the final matrix). Results obtained are
checked with the classes stored into the image database
(c), and the true positive percentage is used as the final
fitness value, which is then stored into the HDFS.
Once all jobs have finished computation, the evaluation
phase of the EA concludes and the algorithm can continue to the next step.
As can be seen, the algorithm is computationally
intensive, given that each of the individuals of the population is a particular instance of an algorithm that must
be completely trained by means of the databases available, and then analyzed as to whether the IPs employed
have been sufficient for obtaining good face recognition
rates. Given that the EA must be run for a number of
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Figure 5. Overview of the evolutionary process when the evaluation is done using MapReduce jobs.

generations and each of the generations includes a set
of individuals, the computing time will be large, so the
parallel version of the algorithm described above is a
perfect candidate to solve the problem at hand.

4 Experiments and results
We performed a series of experiments that allowed us
to apply a tuning process to the ECJ + Hadoop tool
and also check the advantages of the approach when it
is applied to the problem at hand. We describe first the
performance analysis for the new ECJ + Hadoop tool,
using a standard GP benchmark problem for the testing step, and then the results obtained for the face recognition problem.

4.1 Analysing performance
In order to analyze the performance of this MapReduce
version of ECJ, the first series of experiments consisted
of running one of the benchmark problems presented
by Koza (1992) named Even Parity. This problem is
considered one of the benchmarks for genetic programming. We have run evenp-12, instead of the more standard five bits version, with the idea of making it

difficult enough to be able to justify with large populations during a number of generations.
Note that we are not interested in the problem itself.
We simply employ it to study how large populations
might be used while considering the latencies that arise
due to population handling during the process of creating packages of individuals to be distributed, fitness
values collection, application of centralized genetic
operators, and so on. The goal is to analyze the performance of the approach to identify ideal situations
where ECJ + Hadoop is of interest.
Although many possibilities exist to analyze the
results, we decided here to compare our results with the
standard ECJ tool which allows us to run the problem
using multithread capabilities. The base case comparison is thus a single computer with up to eight threads.
Therefore, we started running the problem with different population sizes: from 30,000 to 1,500,000 individuals. Larger sizes of the population were only
employed with a larger number of cores. Table 3 displays a summary of the experiments run on a single
computer. As can be seen, the larger the number of
cores, the shorter the time required to evaluate a single
generation.
Next we ran similar experiments using
EJC + Hadoop and compared the results with those
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Figure 6. Detailed view of the evaluation phase and the data flow between jobs and tasks. (a) MapReduce job for training;
(b) MapReduce job for recognizing faces; and (c) storing computed fitness on the HDFS.

Table 3. Experiments on a standard PC with eight threads. Fitness evaluation time in seconds for a generation (individuals 3103 ).
Threads /Individuals

30

50

100

300

500

1000

1500

1
2
4
8

19
10
5
3

31
16
8
4

65
32
16
8

47
25

82
41

87

130

obtained with the ECJ tool. When running Hadoop
based processes we had to take into account some
parameters that highly influence performance, and
some values whose analysis allow us to understand the
behavior of the whole system:

!

!

!

!

HDFS block size (sz-HDFS) is a configurable
parameter that allows us to manage the number
of data blocks in the HDFS, allowing greater
parallelization of mappers created by the
JobTracker.
Time to store the population in the HDFS (t-wrt) is
a measure that tells us how long will it take to write
the population in the distributed file system.

!

Average task time (t-task) shows the average execution time for each task.
Tasks are the number of tasks launched for each
job. This number depends on the workload given
by the population size and of the used HDFS block
size.
Evaluation time (t-eval) is the total time to evaluate
a population.

Table 4 shows an experiment summary with different configurations, while providing parameters and
measures.
In the case of considering a small number of individuals, and the short time required to evaluate each of
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Table 4. ECJ + Hadoop results with different high performance distributed file system (HDFS) blocks and populations sizes, using
40 cores (time in seconds).
sz-HDFS

sz-Pob

t-wrt

t-task

Tasks

t-eval

14

33106
2:53106
23106
1:53106
13106
2:53106
23106
1:53106
13106
0:753106
0:53106
2:53106
23106
1:53106
13106
0:753106
0:53106
2:53106
23106
1:53106
13106
0:53106
13106
0:53106
0:33106
0:13106
13104
33104
33104
13104
53103
33103

22
18
14
10
18
18
14
11
7
6
4
18
14
11
8
6
4
19
14
11
8
4
8
4
2
1.5
1
0.6
2
1.5
1
0.6

45
44
46
45
40
40
38
38
38
30
30
25
22
22
24
22
21
20
18
20
17
17
11
11
11
8
7
7
10
8
6
6

55
46
36
27
18
64
50
38
25
19
12
127
101
75
49
37
25
211
167
124
82
41
196
97
58
19
10
6
72
24
12
7

141
132
123
101
84
174
111
94
64
58
52
132
101
92
73
60
40
140
109
103
61
44
70
43
31
24
19
19
34
25
19
19

10

5

3

1.25

1

them, the experimental results using ECJ + Hadoop
were discouraging. The test provides poor performance
when compared with the standard multicore approach,
so we decided to further explore some of the elements
that could influence the computing time.
While continuing to use the checkpointing feature in
order to store the current state of the evolutionary process, we removed the population from it and saved into
a separated file which is then used as the input for the
MapReduce job. Individuals are serialized and directly
saved within the HDFS. Previously, for storing individuals, text format was used; however, a serialized model
saves time and resources when saving individuals due to
the shorter length of the serialized model. The impact of
this improvement is large due to the way in which the
HDFS must save the information on a number of
devices. Moreover, we employed compression processes
to save read/write operation time. Also, given the large
size of the populations that we are managing, we
decided to enlarge the buffers employed for transferring
information, which also influences the transfer rates.
We must also consider that different processes running on nodes are held in Java virtual machines (JVMs)
and with each new generation these virtual machines

are created and destroyed, which is time consuming.
However, Hadoop has a parameter to avoid this behavior and allow the JVMs to be reused, saving time. This
feature was enabled, and an improvement was observed
in processing times.
Figure 7 shows the time required for different population sizes when using the standard runs of ECJ considering different numbers of cores. The red, green,
purple and yellow lines show the result of the experiments on a single computer using one, two, four and
eight threads respectively, using the standard ECJ tool.
We can observe in these results that the time scales linearly with the size of the population making it easy to
predict the behavior of any number of individuals.
Also, the relationship between the number of cores can
be easily appreciated. We did not use a higher number
of threads since the used hardware did not have the
proper architecture to produce reasonable results with
more threads: the processor supported a maximum of
eight threads running in a parallel fashion. In further
comparisons, the best results from local executions that
were obtained with eight threads were used in order to
determine if the developed Hadoop based solution
makes sense depending on the population size.

10
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Table 5. Time (minutes) for evaluating a population of individuals.
ECJ Tool/Individuals

10

20

30

40

50

60

Std sequential
Std multi-threading
Hadoop

44.5
10.7
6.4

89
21.4
12.8

133.5
32.1
19.2

178
42.8
25.6

222.5
53.5
32

267
64.2
38.4

Figure 7. Evaluation times when using standard ECJ with
multithreads.

Figure 8. Comparison of best execution times between the
local multi threading version vs. the Hadoop implementation.

Once results from parallel local processing have been
obtained, times for the Hadoop based solution were
calculated with different population sizes, as was the
case for multithreading. Figure 8 shows the comparison
between the best result from local executions, times
with eight threads and the times obtained when using
Hadoop. The blue line corresponds with the Hadoop
based run using up to 40 available cores.
Machines had in total 40 cores; however, we considered six of them to be busy running the services that
Hadoop needs to run in order to provide the required
orchestration of the HDFS and the distributed resource
manager (YARN). Nevertheless, every single task that
performs the evaluation of individuals in Hadoop was
restricted to one core and the configured total amount
of cores was set to 34. This means that even if more
cores were available, tasks would not be able to be run
on more than 34 cores.
All previously described improvements were applied
in the next round of experiments. Times for the
Hadoop based run have being calculated as the average
of different runs which were each configured with different block sizes. Block size refers to the size of the
blocks in which files, where the individuals of the population are stored, are divided in the distributed file system. As a result, block size affects the total number of
individuals that are stored per block. Since one task is
launched for every block in the file system, the block
size determines the number of individuals that each

task will evaluate and, therefore, the time that the task
will be running. Depending on the number of individuals and the time each task needs to be launched and
cleaned, the block size should be configured accordingly. We did so during the experiments using different
population sizes, here providing the average values. All
runs employ the total number of cores available following the restrictions described before. Although many
operations are performed by Hadoop when launching
and running map/reduce tasks, we can clearly observe
the difference obtained through standard ECJ multicore performances.
The most interesting part of Figure 8 is where the
blue line overpasses the yellow one which corresponds
with the ECJ with eight threads; this is the point at
which ECJ + Hadoop starts to provide better performance. Therefore, we could conclude that for more
standard population sizes, which are always below
500,000 individuals, it is not useful to employ
ECJ + Hadoop, particularly in problems where the fitness evaluation time is short, as was the case for the
Even Parity problem. We must take into account that
for the Even Parity problem, the computing time is so
short that only when huge population sizes are required
will ECJ + Hadoop be of interest. On the other hand,
if we are addressing a population with a longer fitness
evaluation
time,
the
critical
point
where
ECJ + Hadoop is of interest will be reached at much
smaller population sizes.
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4.2 Reducing the IP set for face recognition

Figure 9. Comparing ECJ with eight threads vs. ECJ + Hadoop

Therefore, in our next experiment we tested the performance of the tool using the real-life problem at
hand. We focus first on performance analysis of the
parallel implementation; the quality of solutions
obtained for the problem will be analyzed later on.
4.1.1 ECJ + Hadoop on a real life problem. In order to test
the advantages of the new ECJ + Hadoop infrastructure, we launched a series of experiments trying to analyze the situation when the new implementation
outperforms the results obtained by the sequential
approach, as well as the results obtained with a multithread system. Table 5 shows results obtained with different population sizes. We must take into account that
Hadoop incurs a computational overhead due to the
extra processes and operations that are necessary to
deploy and manage a distributed platform.
Table 5 shows running times obtained experimentally with up to 60 individuals using the standard
sequential version of ECJ, the multithreading version
running on a single PC with eight cores, and then the
Hadoop based model with up to 40 cores. The single
PC has the restriction of the number of cores, but the
parallel infrastructure has no such restriction. We
observe that for this specific problem the new version
of the tool provides the best results with any of the size
of the population tested. Given that ECJ + Hadoop
can use as many computer nodes as required, we note
that the running time could even improve by simply
adding more nodes when required. On the other hand,
the standard ECJ tool that can run on a single computer, cannot use more than the eight threads available
in the multicore desktop PC in which it is running.
Figure 9 allows us to graphically see how the differences increase as we manage larger populations.
As we have seen, ECJ + Hadoop is of interest when
long computing times are required for assessing the
quality of individuals in the population or when large
populations are required to solve the problem.

The challenge of improving face recognition through
the application of the CBIR paradigm is tackled here
by a reduction in the number of IPs. As was shown in
the reformulation of the fitness function (see equation
(1)), a penalization was incorporated in all individuals
that increase the number of IPs, forcing the GA to
select solutions with a lower number of points.
In the first experimental stage of our test using the
simple fitness where only the recovery percentage is
considered of an individual, we decide to use populations of 100 individuals during 500 generations without
achieving 100% in retrieval. In a second stage, the fitness was reformulated in such a way that the algorithm
would stop if it found a solution that scores 100%
using only 20 IPs. In this case, we use populations of
21 individuals during 100 generations with 70% crossover and 30% mutation for the process of creating the
new population, and elitism to preserve the fittest individual. In general, we obtain results within 30 generations on average, as is shown in five examples of results
plotted in Figure 10. This image shows on the left side
the genome, with the percentage of classification, the
number of IPs (NIP) and the fitness value; and on the
right side the points used by the genome. We observe
that through this technique a reduction from 60 to 20
IPs is achieved.
Note that besides the reduction in the number of
points, the results show that the selected points achieving 100% retrieval are located within the central area of
the face; in other words, the points outside this area are
insignificant for the characterization of the face towards
the construction of the associated pattern. This was also
noted in previous work of the proposed CBIR methodology based on texture analysis (Benavides et al.,
2015).

5 Conclusions
This work presents a new version of the popular ECJ
tool, which provides an easy to use way of running EA
over BigData infrastructure by making use of the
MapReduce model. Moreover, that new version of the
tool has been successfully applied to provide new
approaches to a hard and time consuming real life
problem related to face recognition; by means of an
evolutionary approach, we have reduced the number of
IPs required to solve the problem.
Firstly, we have developed a parallel version of ECJ
that allows us to run experiments on a Hadoop based
cluster of computers. The implementation makes use of
the checkpointing facility already provided by ECJ.
The system has been tuned and some hints for important parameters affecting running times for the experiments were provided. We have then performed a series
of tests considering both traditional benchmark
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Figure 10. Example of genome construction based on IPs, each component is an IP index of the classifier. All results are achieved
with an average of 20 IPs and 100% recognition.

problems already available within the ECJ tool and
also the real-life problem of facial recognition. Results
show that the new version of ECJ can save computing
time when the fitness function is computationally intensive or when large population sizes are required to
solve a given problem. Moreover, the implementation
does not change the way ECJ is traditionally used: a
new parameter has been added to allow researchers to
select whether the run will be launched in a single computer or within the Hadoop based cluster.
Secondly, the tool has been employed to develop an
evolutionary approach to the problem of selecting the
best facial IPs required for a learning algorithm to be
able to correctly perform face recognition. The
approach has been able to reduce the number of
required IPs from 60 to just 20, while a 100% recognition rate is still maintained over a number of standard
data sets.
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Francisco Fernádez de Vega received his PhD in
Computer Science from the University of
Extremadura, Spain, 2001. He was vice-head of
research at the Centro Universitario de Mérida,
University of Extremadura, Spain, from 2004 to 2005,
and CIO of the University of Extremadura from 2005
to 2007. He is currently an associate professor of computer science and the director of the GEA Research
Group (Artificial Evolution Group). He has published
over 200 referred papers. His research interests include
bioinspired algorithms, fuzzy logic and cluster and grid
computing. He is part of the steering committee of the
Spanish Conference on Evolutionary Algorithms
(MAEB), and has presented invited tutorials at several
international conferences (including IEEE CEC). He
was co-chair of the first and second workshops on parallel bioinspired algorithms, held jointly with IEEE
ICPP in 2005, and ACM GECCO in 2007, and the
first, second and third workshop on parallel architectures and bioinspired algorithms, held by IEEE PACT
(Toronto 2008, Raleigh 2009, Vienna 2010). He has
edited a several special issues dealing with parallel
bioinspired algorithms (Journal of Parallel and

Distributed Computing, Journal of Soft Computing and
Journal of Parallel Computing).
Daniel Lanza received the MSc degree in computer science in 2014 from the University of Extremadura,
Spain, and is currently a PhD degree student in computer science. He is currently a big data engineer at
CERN, the European Organization for Nuclear
Research.
Ce´sar Benavides received his engineering degree in electronics in 2012 and the MSc in 2015 from the
Universidad Autónoma Metropolitana (UAM),
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(UAM), México, in 1996. He then obtained his master’s degree in computer science from UAM in 2005
and his PhD from computer science program of the
Pattern Recognition Laboratory at the Center for
Computer Research of the National Polytechnic
Institute of Mexico in 2009. Since 2010, he has held a
position as full professor at the UAM. He has been distinguished as a level 1 national researcher by the
National System of Investigation (SNI) of Mexico, and
as faculty advisor for NASA during its Third Annual
Lunabotics Mining Competition, in 2012. His research
interests are pattern recognition, image analysis, artificial neural networks, associative memories and evolutionary algorithms. He has published more than 10
international papers and has directed two master’s
degree theses.
Leonardo Trujillo is a research professor at the
Technical Institute of Tijuana in Mexico (ITT),
involved in interdisciplinary research within the fields
of evolutionary computation, computer vision, data
analytics, pattern recognition and autonomous
robotics. Dr. Trujillo received a master’s in computer
science from ITT in 2004, and a doctorate in computer
science from CICESE (Mexico) in 2008. Dr. Trujillo’s
work is primarily focused on genetic programming
(GP) and the application of GP to pattern recognition
problems. He has published over 30 papers in top journals in these fields, and over 50 papers in conference
proceedings, receiving several best paper awards from
conferences such as GECCO and Evo Star. He is currently leading several national and international
research projects, as well as serving as the head of
cybernetics research and the graduate program of engineering sciences at ITT.
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