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Abstract

In cloud computing environments, distributed storage systems typically employ
replica technology to ensure availability and reliability, with placement strat-
egy being a critical issue in replica technology. To address the problem of
high replica access overhead in existing replica placement strategies, this pa-
per proposes a replica placement algorithm based on discrete firefly optimiza-
tion. Considering the impact of replica placement on user access performance,
a mathematical model is established, the fitness function of firefly positions is
calculated, and movement toward the maximum luciferin value (i.e., the opti-
mal value) is performed to obtain appropriate replica placement nodes. The
proposed method is evaluated through simulation experiments and compared
with replica placement strategies based on ant colony algorithms. Experimental
results demonstrate that the algorithm can select appropriate replica placement
nodes, exhibits good convergence, and effectively reduces replica access overhead
in storage systems.

Full Text

Replica Placement Method Based on Glowworm Swarm
Optimization
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Abstract: Cloud storage systems often adopt replica techniques to guaran-
tee availability and reliability, and replica placement represents a key issue in
this context. To address the problem of high access overhead associated with
existing replica placement strategies, this paper proposes a replica placement
algorithm based on discrete glowworm swarm optimization. Considering the
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impact of replica placement on user access performance, we establish a math-
ematical model to calculate the fitness function of glowworm positions, which
move toward the maximum luciferin value (i.e., the optimal value) to obtain ap-
propriate replica placement nodes. We evaluate the proposed method through
simulation experiments and compare it with a replica placement strategy based
on ant colony algorithms. Experimental results demonstrate that the algorithm
can select appropriate replica placement nodes, exhibits good convergence prop-
erties, and effectively reduces replica access overhead in storage systems.

Keywords: replica placement; glowworm swarm optimization; cloud comput-
ing; distributed storage

0 Introduction

With the development of Internet technology, the volume of data requiring pro-
cessing and storage has grown explosively. In the era of massive data, traditional
distributed storage solutions suffer from excessive costs, poor scalability, and
difficulty in providing persistent and effective storage services. To address these
challenges, distributed storage technology in cloud computing environments has
emerged. Cloud-based distributed storage leverages cluster applications, grid
technologies, or distributed file system capabilities to aggregate numerous het-
erogeneous storage devices across networks through software, enabling them to
work collaboratively and provide unified data storage and business access func-
tions. Cloud computing environments are characterized by large data volumes,
heterogeneous storage devices, and varying network conditions, making data
loss and errors commonplace. Replica technology offers an effective solution to
this problem by preserving multiple copies of data on different storage nodes,
thereby improving storage system reliability and availability. Among the key
issues in replica technology, placement strategy significantly impacts user access
performance, storage system load balancing, network bandwidth utilization, and
consistency maintenance among replicas.

Researchers in academia and industry have conducted extensive studies on
replica placement in cloud-based distributed storage systems, yielding numerous
achievements. Literature [4] demonstrates that the replica placement problem
is NP-hard and proposes a reduction algorithm based on graph theory to solve
replica placement and reduce access response time overhead. Literature [5]
presents a distributed greedy replica placement mechanism that places replicas
according to data object request frequency and system capacity, reducing av-
erage data access time and theoretically proving that the method provides a
2-approximation solution. For fault and node failure scenarios, literature [6]
proposes a replica reconstruction strategy to address performance degradation
when nodes storing data replicas fail. Literature [7] investigates replica place-
ment for timeout-based consistency maintenance mechanisms and presents an
algorithm for obtaining optimal placement strategies. Literature [8] introduces
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an adaptive replica management mechanism that creates new replicas for hot
data and places them on lightly loaded nodes to reduce access response time.
Content delivery networks based on cloud serve as effective architectures for con-
tent distribution, improving QoS, scalability, and resource efficiency. For replica
server placement problems, literature [9] proposes a greedy heuristic approach
to minimize operational overhead while meeting QoS requirements. Literature
[10] addresses traditional service-storage cluster VOD systems by proposing an
adaptive media replica placement algorithm that demonstrates good load bal-
ancing and overall performance under varying data volumes. To solve replica
placement issues in data grid environments, literature [11] organizes placement
nodes into tree structures and investigates load balancing and replica quantity.
Literature [12] proposes a service replica placement strategy SNPBRA based on
social network characteristics for cloud environments, which replicates partial
cloud services to reduce inter-regional service interactions and improve business
process execution efficiency. Literature [13] studies data replica aspects in ed-
ucational grid data resource sharing problems, designing a reasonable replica
directory management model and proposing dynamic replica creation strategies
that effectively improve replica location efficiency and adapt to dynamic changes
in user requests. Additionally, some swarm intelligence algorithms, such as par-
ticle swarm optimization and ant colony algorithms, have been applied to replica
problems in storage systems [14,15].

Glowworm swarm optimization is a swarm intelligence-based algorithm whose
fundamental concept involves simulating the luminescent behavior of natural
fireflies to search for brighter companions in the vicinity, gradually moving to-
ward optimal positions within the region and aggregating at the brightest lo-
cation to achieve optimal solution searching. During the optimization process,
each glowworm operates independently, enabling concurrent execution. More-
over, glowworm swarm optimization avoids the premature convergence poten-
tial of other intelligent algorithms, with its convergence speed accelerating as
iteration count increases, making it suitable for clustering, classification, and
combinatorial optimization problems. The algorithm features simple concepts,
easy implementation and operation, high convergence speed, and optimization
precision, finding widespread application across many domains with promising
prospects.

1 Glowworm Swarm Optimization Algorithm

Glowworm swarm optimization (GSO), proposed by Indian scholars Kaipa et
al. [16], represents a novel swarm intelligence optimization algorithm capable of
achieving optimization in solution spaces. The algorithm draws inspiration from
the natural phenomenon of firefly aggregation at night, where each firefly com-
municates information about food seeking and mating through its luminescent
signals. The stronger the luciferin carried by a firefly, the greater its attrac-
tion, ultimately resulting in numerous fireflies gathering around the brightest
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individuals.

When applying GSO to problem solving, glowworms are initially scattered
randomly throughout the solution space, each carrying equal luciferin values.
Through multiple iterations, each glowworm’ s luciferin value is updated accord-
ing to the fitness function value of its position. Glowworms compare luciferin
values with others within their decision domain radius and move toward brighter
individuals based on a probability mechanism. Specifically, the GSO algorithm
proceeds through the following steps:

2)

b)

Initialize glowworm ¢ by randomly placing it within the search range of
the objective function and set initial parameters.

Update luciferin values. Use equation (1) to convert the fitness function
value corresponding to glowworm ¢’ s position at iteration ¢ into a luciferin
value [;(t), where p represents the luciferin volatilization factor and ~
represents the luciferin enhancement factor:

() = (1= p)ly(t — 1) +7J (x:(1))

Determine neighborhood sets. At iteration ¢, for glowworm i, select indi-
viduals j within its dynamic decision domain radius whose luciferin values
exceed 7’ s to form its neighborhood set N;(t), where d;;(t) is the distance
between individuals ¢ and j:

N;(t) = {j: d;;(t) < (L) 1;(t) < L;(t)}
Calculate movement probabilities. Compute the probability p;;(t) of glow-

worm ¢ moving toward individual j in its neighborhood at iteration ¢ using
equation (3):

- O =0
P S e o (kD) — (1)

Update positions. Complete the position update for glowworm ¢ after
movement using equation (4), where s is the step size:

5. xj(t) —x,(t)
|l;(¢) — 2 (1)

Update dynamic decision domain radius. Update the dynamic decision
domain radius using equation (5), where r is the maximum perception
radius of glowworm individuals, § is the dynamic decision domain update
rate, n, is the threshold number of glowworms in an individual’ s neigh-
borhood set, and |N;(t)| is the number of glowworms in individual ¢ s
neighborhood:

z,(t+1)=z;(t) +
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ra(t+1) = min{rg, max{0, ry(t) + Bn, — [N;(t))}}

2 Replica Placement Algorithm Based on Glowworm Opti-
mization

Through analysis of glowworm swarm optimization and the replica placement
problem, this paper proposes a discrete glowworm optimization-based replica
placement algorithm. By comprehensively considering factors influencing replica
placement, we calculate glowworms’ luciferin values through their fitness values
and determine movement probabilities between individuals, ultimately moving
toward the brightest glowworm to find the optimal solution and select appropri-
ate replica placement positions.

In a cloud-based distributed storage system, assuming N nodes connected in
a distributed manner, where each node can store at most one replica of the
data and the number of data replicas in the storage system is R, the replica
placement problem can be described as selecting an appropriate set of replica
placement nodes that can handle data replica access services while minimizing
overall replica access overhead.

Based on the above problem definition and the core principles of glowworm
swarm optimization, we propose a glowworm optimization-based replica place-
ment method. Before modeling and elaborating the algorithm, we make the
following assumptions:

a) The node topology in the cloud-based distributed storage system is fixed.
Storage system nodes are heterogeneous with different performance char-
acteristics and certain failure probabilities.

b) To simplify the algorithm, we assume a node can access only one data
replica at a time. Future work will extend this algorithm to support
parallel access to multiple data replicas.

¢) Network bandwidth consumption for accessing data replicas is measured
by the two-dimensional distance between nodes.

2.1 Replica Placement Model

Based on the replica placement problem definition and assumptions, we model
the problem and present its mathematical description along with parameter
meanings. First, we define the objective function—the replica access cost func-
tion—as shown in equation (6), whose goal is to minimize overall replica access
cost. Therefore, when this expression reaches its minimum value, the selected
nodes constitute the optimal replica placement nodes:
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Second, we present the constraints for this objective function:

i,j € [1,N]

D, ={j | d,; < Distance,i # j}

1) —

pji € [Oa ]-]

iji =R

JEN

iji =1

JEN

where equation (6) represents node performance. Equation (7) defines the stor-
age node indices, with total nodes N. Equation (8) defines, for a given storage
node i, the set of nodes whose distance to node i is less than Distance. Equation
(9) defines the distance between two nodes i and j. In equation (10), p;; indi-
cates whether storage node j is selected as a replica placement node (set to 1 if
selected, 0 otherwise); if 1, node j provides replica access for node i, otherwise it
does not. Equation (11) indicates that the number of selected replica placement
nodes is R. Equation (12) ensures that only one node provides replica access
for each storage node.

2.2 Discrete Glowworm Optimization-Based Replica Placement Al-
gorithm

Based on glowworm swarm optimization principles, this section elaborates the
proposed algorithm from four perspectives: solution construction and encod-
ing, distance metric between individuals, position update method, and fitness
function construction.
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2.2.1 Solution Construction and Encoding The basic glowworm algo-
rithm applies to continuous domains; we discretize it to solve the replica place-
ment problem. This paper employs integer encoding to represent a feasible
solution, such as [2,6,9,18,26], where each integer represents a replica place-
ment node ID. Each feasible solution is an R-dimensional sequence with unique
node IDs.

2.2.2 Distance Metric Between Individuals Since replica placement is a
discrete combinatorial optimization problem and glowworm positions are con-
structed through encoding with integer-valued variables, we cannot use Eu-
clidean distance from the basic glowworm algorithm to calculate inter-individual
distances. Instead, we measure distance through encoding discrepancy [17]. For
two glowworms ¢ and j, we define their distance at iteration ¢ as:

dij(t) =C- 5ij(t)

where C'is a constant and 51-j(t) represents the discrepancy between the encoding
sequences of glowworms 7 and j at iteration t. The discrepancy calculation
method is shown in equation (14):

|d (t) d’“( )|

ij RZ

where |dF(t) — d;“(t)| represents the absolute difference of codes at the same
position in two encoding sequences, and M is the upper bound of values. When
N is even, M = ==; when N is odd, M = (1\11%71)' In this paper, C' is set to 20.

2.2.3 Position Update Method Due to the discrete nature of replica place-
ment, equation (4) is no longer applicable for individual position updates. As-
suming the distributed storage system contains N nodes and needs to select
R replica placement nodes, the solution structure for the replica placement
problem is x; = (z},22,...,z), where n is the number of glowworm individu-
als. Each glowworm corresponds to an R-dimensional row vector, where each
dimension selects the corresponding position update formula with different prob-

abilities to update the solution vector:

.’I’ (t), if Tk < P1
Rt +1) = zh(t), if p; <71 <py
Int(N -rand), if r, > p,

where 7 is an R-dimensional random sequence generated between 0 and 1; m;“ (t)
is the position of individual j selected by individual ¢ at iteration ¢; and p; and
ps are update selection probability parameters with py,py € [0,1] and p; < ps.
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According to equation (15), glowworm ¢ accepts the k-th dimension data xf(t)

from z,(¢) encoding with probability p; and updates its k-th variable.

During glowworm swarm optimization iterations, variables in some solution vec-
tors may not be unique. To maintain population scale and diversity, after each
iteration we check the number of unique variables m in the solution vector. If
m < R, we randomly generate R — m unique variables within [1, N] to replace
infeasible solutions with feasible ones. This ensures that solutions in the search
space remain feasible during each iteration, reducing the probability of converg-
ing to suboptimal solutions due to randomness.

To address local optima problems, we randomly generate an integer ¢ (0 < i < R)
in the algorithm’ s later stages. For individuals with better and worse objective
function values in the population, we randomly generate two segments of length
i for exchange. If the new individual’ s objective function value is better than
the original, it replaces the original; otherwise, the original is retained.

The fitness function J(x;(t)) is the reciprocal of the value obtained from equation
(16) based on glowworm ¢’ s encoding at iteration t. F is set as a large positive
penalty coefficient. The fitness function considers node failure probability: if
a node’ s probability of failure within a certain period exceeds the predefined
system threshold Tolerance, the fitness function value decreases, substantially
reducing the likelihood of that node being selected as a replica placement node.
The node failure probability threshold can be set according to storage system
application requirements:

1

Dien ZjeN D; - Cj; -1 - Disp; + F' - Failure; — Tolerance

J(2,(t)) =

2.3 Discrete Glowworm Optimization-Based Replica Placement Al-
gorithm Steps

The specific steps of the proposed discrete glowworm optimization algorithm for
solving the replica placement problem are as follows:

a) Set basic algorithm parameters.

b) Initialize the glowworm population. Set the total number of nodes N in
the distributed storage system, the number of replica placement nodes R
(i-e., each glowworm’ s dimension), with each dimension taking random
integer values in [1, N], and set the iteration counter variable iter to 0.

¢) Calculate the fitness of each glowworm individual’s corresponding solution
using the fitness function formula, then obtain the corresponding luciferin
values.

d) Calculate distances between glowworm individuals. Each glowworm se-
lects individuals with higher luciferin values within its dynamic decision
radius to form its neighborhood.
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e) Calculate the probability of glowworm ¢ moving toward individual j
through the movement probability formula, with ¢ moving toward the
individual j with maximum probability.

f) Randomly generate an R-dimensional vector r in [0, 1]. Update each di-
mension variable in the solution vector according to equation (15) based
on each dimension’ s value in vector r, and handle infeasible solutions
accordingly.

g) Update each glowworm’ s decision domain radius according to equation
().

h) Check whether iter > Iter,,,, is satisfied. If so, the algorithm termi-
nates and outputs the global optimal value and its corresponding position;
otherwise, return to step c).

2.4 Time Complexity Analysis

Let n be the number of glowworms, R the number of replica placement nodes,
and Iter,,,, the maximum iteration count. The time complexity for initializa-
tion is O(n). Calculating luciferin values for n individuals costs O(n). Calcu-
lating inter-individual distances costs O(n?). During one iteration, glowworm
position update costs O(nR). Therefore, the overall time complexity within the
iteration count is O(Iter,,,, - n.R).

3 Experimental Evaluation

To verify the proposed discrete glowworm optimization-based replica placement
algorithm, we first use MATLAB to validate the algorithm’ s effectiveness and
convergence. We extend CloudSim by modifying the Host and Datacenter
classes and adding a new replica placement strategy component to complete
replica placement work, then compare and analyze the replica access overhead
of different algorithms. The experimental environment consists of: Windows 7
operating system, MATLAB R2014a, CloudSim 3.0.3, i5-3470 @ 3.2 GHz pro-
cessor, and 8 GB memory. Algorithm parameters used in this experiment are
shown in Table 1 .

Table 1 Experimental Parameter Values - Luciferin volatilization and en-
hancement factors: p = 0.4, v = 0.6 - Dynamic decision domain update rate: 0.5
- Initial luciferin value: 5 - Initial dynamic decision domain radius: 3 - Individ-
ual maximum perception radius: 20 - Neighborhood set threshold: 5 - Position
update formula selection parameters: p; = 0.2, p, = 0.8

This experiment employs normalized geographic coordinates of Chinese provin-
cial capitals and municipalities to represent corresponding positions of different
nodes in the storage system. Failure probabilities within [0.01,0.05] are ran-
domly assigned to each node, and the system node failure probability threshold
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Tolerance is empirically set to 0.03. The replica quantity follows the three-
replica principle.

3.1 Replica Placement Node Selection

Figure 1 [Figure 1: see original paper] illustrates the distribution of nodes in the
distributed storage system and the replica placement nodes selected by the pro-
posed method. Our approach constructs the objective function based on node
performance and failure probability, selecting nodes that minimize the objective
function as replica placement positions. During replica placement selection, the
goal is minimizing overall replica access overhead. Once replica placement nodes
are determined, the total overhead is minimized, enabling appropriate node se-
lection for replica placement, reducing replica access overhead, improving user
access performance, and balancing system load.

3.2 Algorithm Convergence

Figure 2 [Figure 2: see original paper] depicts the convergence curve of the
glowworm optimization-based replica placement algorithm. The figure shows
that the algorithm quickly converges to the optimal value, can select appropri-
ate nodes for replica placement, and minimizes user access overhead to replicas.
The proposed glowworm optimization-based replica placement algorithm can
efficiently select suitable replica placement nodes and demonstrates good con-
vergence properties.

3.3 Parameter Selection

Figure 3 [Figure 3: see original paper| shows the algorithm’ s convergence curves
under different population sizes and iteration counts. The population size n af-
fects the algorithm’ s objective function value, achieving good convergence when
n > 80. Figures 4 [Figure 4: see original paper| and 5 [Figure 5: see original
paper] illustrate the impact of glowworm population size and maximum itera-
tion count on the proportion of optimal objective function values obtained. We
conduct 50 experiments under certain population sizes and iteration counts, sta-
tistically analyzing the proportion achieving optimal objective function values.
Figure 4 indicates that increasing glowworm population size initially improves
algorithm performance, but the proportion of optimal values stabilizes as pop-
ulation size continues to grow. Figure 5 shows that when population size takes
default values, iteration count does not significantly impact algorithm perfor-
mance, and increasing iterations does not substantially improve the proportion
of optimal objective function values. Population size and iteration count are
two key factors affecting algorithm time complexity. Appropriate population
size and iteration count should be selected, potentially reducing iteration count
while increasing population size to lower time complexity while maintaining high
algorithm performance.
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3.4 Access Time

Figure 6 [Figure 6: see original paper] presents simulation experiments on
CloudSim comparing the glowworm optimization-based replica placement strat-
egy with the ant colony algorithm-based strategy [18], analyzing average access
time under different user access patterns as a metric for access overhead. The
figure demonstrates that under sequential, uniform, Gaussian, and Zipf dis-
tribution access patterns, the average access time of the proposed glowworm
optimization-based replica placement algorithm is superior to the ant colony
algorithm-based strategy. Since our method minimizes overall replica access
overhead during replica placement selection, the glowworm optimization-based
algorithm can select more appropriate nodes for replica placement, effectively
reducing replica access time and demonstrating good performance.

4 Conclusion

This paper proposes a discrete glowworm optimization-based replica placement
algorithm for replica placement problems in cloud-based distributed storage,
selecting optimal replica placement positions. We comprehensively consider
the impact of replica placement nodes on user access performance, establish a
mathematical model, design a reasonable encoding scheme, employ encoding
discrepancy to measure distances between glowworm individuals, and introduce
glowworm position update and infeasible solution handling methods. Simulation
experiments verify the proposed method’ s effectiveness, with results showing
that it reduces overall user access overhead to replicas and exhibits good conver-
gence. Future work will implement this algorithm in actual distributed storage
environments.
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