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Abstract

To address the low computational efficiency and clustering performance issues
in big data clustering algorithms, a big data clustering algorithm based on an
improved Artificial Bee Colony (ABC) algorithm and MapReduce is proposed.
The Grey Wolf Optimizer (GWO) algorithm is integrated with the Artificial Bee
Colony algorithm to simultaneously enhance the exploration and exploitation ca-
pabilities of the ABC algorithm. This strategy can effectively improve the perfor-
mance of clustering processing. Chaotic mapping and opposition-based learning
are employed as the initialization strategy for the ABC population to improve
the quality of search solutions. The clustering algorithm is implemented based
on Hadoop’ s MapReduce programming model, achieving clustering processing
for big data by minimizing the sum of squared intra-cluster distances. Exper-
imental results demonstrate that the proposed algorithm effectively improves
the clustering quality of large datasets while accelerating clustering speed.

Full Text
Abstract

Aiming at the problems of low computational efficiency and clustering perfor-
mance in big data clustering algorithms, this paper proposes a big data cluster-
ing algorithm based on an improved artificial bee colony algorithm and MapRe-
duce. The grey wolf optimizer algorithm is combined with the artificial bee
colony algorithm to simultaneously improve the exploration and exploitation
capabilities of the artificial bee colony algorithm. This strategy effectively en-
hances clustering performance. Chaotic mapping and opposition-based learning
are employed as the initialization strategy for the ABC population to improve
solution quality. The clustering algorithm is implemented based on Hadoop’ s
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MapReduce programming model, achieving big data clustering by minimizing
the sum of squared intra-class distances.

Experimental results demonstrate that the proposed algorithm effectively im-
proves clustering quality for big data sets while accelerating the clustering speed.

Keywords: data analysis; clustering algorithm; artificial bee colony algorithm;
grey wolf algorithm; cloud computing; distributed computing

0 Introduction

Clustering is a crucial step in the field of data analysis, where high-quality data
analysis is a key factor determining the performance of decision-making systems
[?]. Many researchers have proposed effective clustering algorithms, but the
computational time of these algorithms generally increases with the scale of the
dataset, making time efficiency a critical performance metric for big data clus-
tering [?]. MapReduce is a powerful programming model that supports parallel
and distributed processing of large datasets, effectively improving algorithmic
computational efficiency [?].

Numerous recent research results demonstrate that metaheuristic algorithms
have significant potential for solving clustering problems. The metaheuristic
algorithms that have attracted researchers’ attention mainly include genetic
algorithm (GA) [?], differential evolution algorithm (DE) [?], ant colony opti-
mization (ACO) [?], and particle swarm optimization (PSO) [?], all of which sup-
port solving unsupervised clustering problems. Metaheuristic algorithms mostly
adopt iterative optimization strategies, resulting in high time costs for finding
global optimal solutions. Many researchers have combined the MapReduce pro-
gramming model with metaheuristic algorithms, leveraging MapReduce’ s paral-
lel computing capabilities to reduce the overall processing time of metaheuristic
algorithms. Reference [?] successfully implemented the k-nearest neighbor algo-
rithm in the MapReduce model, significantly improving the processing efficiency
of the K-nearest neighbor algorithm for large datasets.

Currently, a few researchers have implemented metaheuristic algorithms on
the MapReduce programming model [?], including some effective optimization
schemes for clustering problems. Reference [?] proposed a big data clustering
algorithm based on MapReduce and K-means, which effectively clusters big
data in high-dimensional space and achieves distributed processing through the
MapReduce framework, reducing memory and computational costs. Reference
[?] successfully combined artificial intelligence algorithms with distributed com-
puting frameworks, achieving significant improvements in both computational
efficiency and clustering effectiveness. However, due to the inherent limitations
of genetic algorithms, this scheme’ s clustering accuracy for big data did not
reach ideal levels.

The artificial bee colony (ABC) algorithm is an artificial intelligence algorithm
with extremely strong global search capabilities, and many researchers have
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successfully applied ABC to solve clustering problems [?]. Although ABC has
strong global search ability, its local exploitation capability for large-scale prob-
lems is weak. To address this weakness, the grey wolf optimizer (GWO) al-
gorithm [?] is used to enhance ABC’ s local exploitation capability, resulting
in the GWOABC (grey wolf optimizer artificial bee colony) algorithm. ABC
maintains global search capability through information sharing strategies, while
GWO’ s hunting strategy enhances local exploitation capability, preventing pre-
mature convergence. Additionally, a population initialization mechanism based
on chaotic mapping and opposition-based learning is designed to effectively solve
the problem of unstable search performance caused by random initialization.
The GWOABC algorithm is implemented based on Hadoop’s MapReduce model
to improve processing speed for big data through distributed computing.

1.1 Grey Wolf Optimizer (GWO)

The GWO algorithm [?] is a swarm intelligence optimization algorithm that sim-
ulates grey wolf hunting behavior, considering three stages: encircling, hunting,
and attacking prey. Algorithm 1 shows the pseudocode of the GWO algorithm.

Algorithm 1: Pseudocode of GWO Algorithm

Input: Population size of search agents N, dimension of solutions n, upper
and lower bounds of solutions [Uby, ..., Ub,,, Lby, ..., Lb,], maximum iterations

max;.

Output: Optimal agent.

L. Initialize the grey wolf pack, where (i € [N]), z; € [Ub,, Lbj]|j € [n].
2. Initialize «, 3, §, t = 1.

3. Calculate the fitness f(X;) for each search agent, where i € [N].

4. X, = global best agent; X3 = second-best agent; X; = third-best agent.
5. While (¢ < maz;) {

6. Foreach agent {

7. Update current agent position using equations (1)-(5).
8. }

9. Update X, Xz, X;.
10. Update parameters A, a, C.
11. t =1+ 1.
12. }

The GWO model mainly includes the following elements:
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a) Social hierarchy. The three best solutions are set as «, 3, and § wolves,
with the remaining wolves designated as w wolves.

b) Encircling prey. The mathematical model of the encircling strategy is
represented as:

D=|C-X,0)- X O (1)
Xt+1)=X,00-4-D (2 (2)

where A and C are coefficient vectors, X'p is the prey position vector, X is
the grey wolf position vector, ¢ is the current iteration, and A= 2q- 7, — a,
C = 27, where 7,7, € [0, 1] are random vectors. Generally, a, is set to 2, and
a decreases linearly from 2 to 0 over iterations: a =2 —2-¢/t,, ., where ¢, ..
is the maximum number of iterations.

¢) Hunting phase. The three optimal solutions «, 3, and § wolves guide
the GWO hunting process. The w wolves update their positions based on
a, B, and § wolves using:

Da:|él')za_)2‘ (3)
Dy=1Cy- X5 —X| (4)
Ds=1Cs3-X5—X| (3) (5)
Xlzxai‘il'Da (6)
X,=X,- 4, D, (7)
XP,:X(S*A:; Dé (4) (8)

. X, +X,+X

X(H_l):% (5)

3

d) Attacking prey. Parameter a controls the attacking phase of GWO,
with its value gradually decreasing during iterations. The two parameters
A and C in GWO control the prey search process, where A takes values
from —2a to 2a. If |A\ < 1, the grey wolves attack the prey. Parameter A
controls the exploration speed of GWO; if |A| > 1, the search diversity is
high.

Reference [?] tested traditional GWO on different standard benchmark func-
tions. According to their analysis, GWO easily falls into local optima for multi-
modal problems because most wolves in the population merely act as followers
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guided by the three best solutions, resulting in limited search capability for the
entire population. The values of parameters A and C in GWO determine the
weight between global search and local exploitation. If |C_" | > 1, candidate solu-
tions diverge from dependent values; if |5 | < 1, candidate solutions converge to
dependent values. Reference [?] found that GWO has strong search capability
in early iterations and strong exploitation capability in later iterations. GWO’
s search process guided by three optimal agents leads to insufficient diversity.
This paper introduces GWO into the ABC algorithm, using ABC’ s information
sharing mechanism to improve information sharing among candidate solutions,
thereby enhancing GWO’ s global search capability.

1.2 ABC Algorithm

The ABC algorithm [?] mainly consists of three phases: employed bee phase,
onlooker bee phase, and scout bee phase. The search strategies of employed bees
and onlooker bees directly update one element of the solution vector randomly,
as shown in equation (6):

Vj =Ty by (T — xg)  (6)

where v;; is the new solution obtained by mutating the j-th dimension variable

of two different solutions, and ¢,; is a random number in the interval [—1,1].
ABC has strong global search capability, but the algorithm does not utilize the
optimal solution to guide the search process, which may slow down convergence.
Since optimal solution information can improve algorithmic convergence per-
formance and GWO has strong ability to utilize optimal solution information,
GWO is introduced into the ABC algorithm to enhance ABC’ s performance.

1.3 MapReduce Programming Framework

To improve ABC’ s processing efficiency for big data sets, this paper designs
an implementation scheme for ABC in the MapReduce model, abbreviated as
MR-GWOABC. MR-GWOABC’ s mechanism for processing big data cluster-
ing tasks contains two main operations: updating cluster centroids and fitness
evaluation. Centroid updating is based on ABC implementation. Fitness eval-
uation calculates the sum of Euclidean distances between each object and the
centroids and finds the global optimal value. The clustering procedure divides
data objects into clusters, minimizing the sum of Euclidean distances between
all objects and centroids, which serves as the fitness function for ABC. The
data clustering flow based on MR-GWOABC is shown in Figure 1 [Figure 1:
see original paper].

2 Hybrid GWOABC Algorithm

The flow diagram of the proposed GWOABC algorithm is shown in Figure 2
[Figure 2: see original paper]. As can be seen, all steps of GWOABC are the

chinarxiv.org/items/chinaxiv-201905.00040 Machine Translation


https://chinarxiv.org/items/chinaxiv-201905.00040

ChinaRxiv [$X]

same as traditional GWO, with additional strategies added in the population
initialization and information sharing modules. First, initialization parameters
are defined, including population size N, solution space dimension dim, and
maximum iterations. Then other parameters are calculated, including a, A,
and C. The algorithm mainly consists of three phases: population initialization
phase, GWO phase, and ABC phase.

1) Population Initialization Phase. High-quality initial candidate solu-
tions are generated through chaotic mapping and opposition-based learning algo-
rithms. Algorithm 2 describes the population initialization strategy. Observing
lines 1 and 2 of Algorithm 1, Logistic chaotic mapping is used to obtain random
variables ch(k), which serve as the initial population X defined within variable
space boundaries. The Logistic chaotic mapping function is defined as:

ch(k+1) =4-ch(k) - (1—ch(k)) (7)

where k is the number of iterations, set to 300, and the initial value ch(0) is
random.

Algorithm 2: Population Initialization Based on Opposition-Based
Learning and Chaotic Mapping

Input: Population size of search agents |N|, solution dimension j € [n], upper
and lower bounds of solutions z; € [Uby, ..., Ub,,, Lby, ..., Lb,], k = 3.

Output: Initialized population |N]|.

1. Initialize population |N| using chaotic mapping in n-dimensional space,
obtaining ch(k) using equation (7).

2. Elements of X; = (21, 2y, ...,2,,) are defined as x; = Lb; + ch(k) - (Ub; —
Lb;), where i € [N], z; € [Ub;, Lbj], j € [n].

3. Use OBL to obtain a set of population size N, where ¢ € [N], with each
new opposite solution defined as x = Lb; + Ub; — x;.

4. Combine the two solution sets: X = (X, U X}) € |2N]|.

5. Calculate fitness f(X).

6. Select top-N solutions and sort by fitness.

Line 4 derives the opposite population X* set through the opposition-based
learning algorithm, then combines the two sets into one solution X = (X,UX}) €
|2N| and calculates its fitness f(X).

2) GWO Phase. After generating the initial population, traditional GWO
updates its parameters and current agent positions using equations (1)-(5).

3) ABC Phase. The ABC swarm shares information among candidate solu-
tions and updates old solutions according to equation (6). To improve sequence
randomness and reduce repetition, the Logistic chaotic mapping from equation
(7) is used to generate the ¢,; term in equation (6).
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The GWO procedure and ABC procedure are run iteratively until the maximum
number of iterations is reached, with the optimal solution serving as the final re-
sult. ABC’s global search improves GWQO’ s global search capability, giving each
wolf pack member the opportunity to share information while preserving the al-
gorithm’ s global search and local exploitation capabilities, effectively solving
diversity issues and preventing premature convergence.

3 MR-GWOABC Clustering Algorithm

MR-GWOABC mainly has two modules when processing large-scale data clus-
tering tasks: centroid updating processing and fitness evaluation. Centroid up-
dating is completed based on MR-GWOABC, with the objective of calculating
the sum of squared Euclidean distances between each object and the centroid
to obtain the global optimal value. The clustering objective is to find the op-
timal assignment of data instances to minimize the sum of squared Euclidean
distances, which serves as the fitness function for ABC. Figure 3 [Figure 3: see
original paper] shows the data clustering flow based on MR-GWOABC.

According to the flow diagram shown in Figure 3, initial solutions are first
generated as employed bee solutions. The clustering quality is calculated by
computing the sum of squared Euclidean distances to evaluate solution fitness.
Employed bees update and share their newly discovered solutions with onlooker
bees, which then select solutions with better fitness. This procedure is repeated
until the maximum number of iterations is reached. If a solution’ s fitness
cannot be improved within a certain time, scout bees regenerate new solutions.
However, fitness evaluation for big data sets requires substantial computational
time, so the MapReduce programming model is adopted to calculate fitness in
a distributed manner.

Algorithms 3 and 4 show the Map and Reduce functions of the MapReduce
model. The Map function first retrieves cluster centroids through the GWOABC
algorithm, with data records stored in the Hadoop Distributed File System
(HDFS). The Map function then extracts the centroids for each bee swarm,
calculates the distance between each data point and the centroids, and returns
the minimum distance for each centroid ID. The minimum distance for a centroid
ID is modeled as the key of the Map function, with a new value obtained from
the minimum distance. The Map function passes the new key-value pairs to
the Reduce function, which aggregates all identical keys, calculates the overall
average distance, and finally triggers the average distance key by calling the
Map function’ s emit(key, value), computing the fitness value for each bee in
the swarm.

Algorithm 3: Map Function
Input: (key: record_ {id}, value: record).
/* Initialization */ record _{id} = key; record = value; read(bee swarm);

foreach bee in bee swarm { bee {id} = extract_{bee}{id}(bee); CV =
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extract{centroids}(bee); min_{dist} = return_{min}{distance}(record, CV);
centroid{id} = i; new_{key} = (bee_{id}, centroid_{id}); new_{value} =
(min__{dist}); emit(new_ {key}, new_ {value}); }

Algorithm 4: Reduce Function

Input: key: (bee_{id}, centroid_{id}), value_{list}: (min_ {dist}, 1).
Initialization: count = 0; sum__{dist} = 0; avg_ {dist} = 0;

foreach value in value_ {list} { min_ {dist} = extract_ {min}{dist}(value); count
= count + 1; sum{dist} = sum_ {dist} + min_{dist}; }

avg_{dist} = sum_ {dist} / count; emit(key, avg_{dist});

4 Experimental Results and Analysis

This algorithm’ s main contribution is using the MapReduce model to improve
clustering processing speed for big data sets. Therefore, experiments evaluate
the algorithm’ s acceleration effect. The speedup metric is defined as S,, with
the calculation formula:

T

Sy == (8)

N

where T' represents processing time on one Hadoop node, and T represents
processing time using N Hadoop nodes.

The MR-GWOABC algorithm was simulated to evaluate clustering quality and
parallel algorithm effectiveness. The algorithm was implemented in Perl script
language. The experimental Hadoop platform consisted of 10 nodes, each con-
figured with a 2.26 GHz CPU, 4 GB memory, and 180 GB disk, running Ubuntu
14.04 with Apache Hadoop 2.6.2.

To evaluate MR-GWOABC algorithm performance on big data sets, synthetic
datasets shown in Table 1 were used. Four public datasets from the UCI Machine
Learning Repository with different attributes were combined into a large dataset
by randomly copying several backups to form a big dataset of 107 records.

Table 1 Attributes of Experimental Datasets

4.1 Clustering Algorithm Performance

F-measure is used as the evaluation metric for clustering quality, calculated from
precision and recall metrics as:

o 2en(ig) - plisg)
P& =5 ety O
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where j represents the class generated by the clustering algorithm, ¢ represents
the original class label of the dataset, and r and p represent recall and precision,
respectively.

Recall is defined as r(i,j) = 2;, and precision as p(i,j) = %, where n,;
represents the number of class ¢ data points classified as class j, and n; and n;
are the sizes of class i and class j, respectively. For a dataset of size n, the total

F-measure is calculated as:

ni . .
F = Z;m]axF(z,j) (10)

where the upper bound of F' is 1, and a higher F-measure value indicates better
clustering quality.

For clustering performance comparison, the proposed solution is compared with
the PKMeans algorithm and parallel K-PSO algorithm. The performance results
of the three clustering algorithms are shown in Table 2 .

Table 2 F-measure Results of Three Clustering Algorithms

The MR-GWOABC algorithm significantly outperforms both PKMeans and par-
allel K-PSO algorithms. Although all three clustering algorithms use heuristic-
based search methods, the K-means algorithm is sensitive to the initial centroid
positions in the problem space and tends to converge to local optima near the
starting points. Comparing the ABC algorithm with the PSO algorithm, ABC
produces better solution quality than PSO. ABC’ s search process includes both
global search and local exploitation strategies, while PSO’ s search process fo-
cuses more on local exploitation. In the ABC algorithm, employed bees and on-
looker bees are responsible for local exploitation, while scout bees handle global
search. If the search process falls into local optima, scout bees will randomly
search for a new solution.

4.2 Clustering Algorithm Time Efficiency

4.2.1 Scalability Experiments The scalability of the MR-GWOABC algo-
rithm was first tested by varying the number of Hadoop nodes in each run and
#iit ing the algorithm’ s runtime and speedup metrics for the four datasets, as
shown in Figures 4 [Figure 4: see original paper] and 5 [Figure 5: see origi-
nal paper]. From Figures 4(a)-(d), it can be observed that MR-GWOABC’ s
runtime decreases as the number of Hadoop nodes increases, approaching ideal
values. From Figures 5(a)-(d), MR-GWOABC’ s speedup metric shows a linear
improvement trend, with results close to ideal values.

4.2.2 Impact of Data Scale on Scalability The impact of dataset scale on
MR-GWOABC algorithm scalability was also tested, with efficiency calculated
using equation (11):
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S
Efficiency = ﬁp (11)

Table 3 shows the efficiency results obtained by MR-GWOABC on 10 nodes,
demonstrating how the algorithm’s performance changes with increasing dataset
scale. The results show that efficiency for different dataset scales is above 0.90,
leading to the conclusion that MR-GWOABC’ s scalability improves as problem
scale increases.

Table 3 F-measure Results and Efficiency Values for Different Dataset
Scales

The MR-GWOARBC algorithm is implemented based on MapReduce. Map tasks
transform the dataset into key-value pairs, while Reduce tasks combine these
data into collections. MapReduce distributed computing divides tasks into sep-
arate processes executed in parallel on large hardware clusters. MapReduce
decomposes elements of big datasets into tuples, then further reduces tuples
into smaller sets, significantly accelerating data processing through parallel han-
dling of big data. Experimental results demonstrate that the MR-GWOABC
algorithm can complete big data clustering within reasonable time while main-
taining high solution quality.

5 Conclusion

To improve the processing efficiency and clustering performance of clustering
algorithms, this paper designs a big data clustering algorithm based on an im-
proved artificial bee colony algorithm and MapReduce. The GWO algorithm
is combined with the ABC algorithm to simultaneously improve ABC’ s ex-
ploration and exploitation capabilities, effectively enhancing clustering perfor-
mance. Chaotic mapping and opposition-based learning are adopted as the
initialization strategy for the ABC population to improve solution quality. The
clustering algorithm is implemented based on Hadoop’ s MapReduce program-
ming model, achieving big data clustering by minimizing the sum of squared
intra-class distances. Experimental results show that the MR-GWOABC algo-
rithm can efficiently process large-scale datasets while achieving good clustering
quality.
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Note: Figure translations are in progress. See original paper for figures.
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