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Abstract
To address the problems of low efficiency and low utilization in traditional cloud
computing task scheduling algorithms, a hybrid algorithm combining the im-
proved fruit fly optimization algorithm (IFOA) and genetic algorithm (GA) is
proposed for task scheduling. First, task scheduling is transformed into a DAG
(directed acyclic graph) and the task scheduling order is simplified through
Kruskal’s algorithm; second, the population of the fruit fly algorithm is initial-
ized using orthogonal arrays and quantization techniques, boundary handling
is applied to the fruit fly algorithm, the exploration step size is dynamically
adjusted, and individual selection is performed using the GA; finally, the fused
IFOA-GA algorithm is applied to cloud computing task scheduling in a simula-
tion platform, where it demonstrates certain advantages over IGA, IFOA, and
IPSO algorithms in the comparison of four QoS metrics, demonstrating that
the IFOA-GA algorithm can effectively improve cloud computing scheduling
efficiency.
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Abstract: Traditional cloud computing task scheduling algorithms suffer from
low efficiency and poor resource utilization. To address these issues, this paper
proposes a hybrid algorithm that combines an improved fruit fly optimization

chinarxiv.org/items/chinaxiv-201808.00080 Machine Translation

https://chinarxiv.org/items/chinaxiv-201808.00080
https://chinarxiv.org/items/chinaxiv-201808.00080


algorithm (IFOA) with a genetic algorithm (GA) for task scheduling. First, the
task scheduling problem is converted into a directed acyclic graph (DAG) and
simplified using Kruskal’s algorithm to determine task execution order. Second,
the fruit fly algorithm’s population is initialized using orthogonal arrays and
quantization techniques, with boundary handling for the search space and dy-
namic adjustment of exploration step sizes. The GA is employed for individual
selection. Finally, the hybrid IFOA-GA algorithm is applied to cloud comput-
ing task scheduling in a simulation platform. Compared with IGA, IFOA, and
IPSO algorithms, IFOA-GA demonstrates advantages across four QoS metrics,
indicating that it can effectively improve cloud computing scheduling efficiency.

Keywords: cloud computing; task scheduling; fruit fly algorithm; population
initialization; boundary processing

0 Introduction
Cloud computing task scheduling has always been a critical research component
in cloud computing, representing a multi-objective optimization problem and an
NP-hard problem. Traditional task scheduling methods are clearly inadequate
for cloud computing environments, making intelligent algorithms the primary re-
search direction for solutions [1]. Scholars have investigated various approaches,
including improvements to bat algorithms [2], genetic algorithms [3], ant colony
algorithms [4-5], and particle swarm algorithms [6], achieving promising results.

Reference [7] proposed a multi-objective optimization scheduling model based
on fireworks algorithm, with experiments demonstrating good scheduling effi-
ciency. While this approach leverages the high performance of fireworks algo-
rithm for rapid scheduling, its limitation lies in comparison only with basic PSO
and GA algorithms, lacking evaluation against more recent algorithms of the
same type. Reference [8] introduced a cloud computing task scheduling method
based on bat algorithm, improving scheduling performance under cloud comput-
ing through population initialization and Powell’s local search. Although this
enhances virtual machine processing efficiency, it only compares with clustering
algorithms and lacks broader comparative validation, limiting its persuasiveness.
Reference [9] proposed an improved genetic algorithm for cloud computing that
uses bidirectional convergence ant colony operators to obtain precise solutions,
improving accuracy and convergence speed but increasing algorithm complexity
and solution time. Reference [10] presented a hybrid of improved ant colony
and particle swarm algorithms for cloud computing resource scheduling, reduc-
ing time consumption and cost but decreasing algorithm precision.

Building upon these research findings, this paper proposes applying an improved
fruit fly algorithm to cloud computing task scheduling. Simulation experiments
demonstrate superior performance compared with other intelligent algorithms.
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1.1 Task Definition Based on MapReduce Model
Currently, most cloud computing task models adopt the MapReduce framework,
which is an efficient task scheduling model whose workflow has been extensively
documented in MapReduce literature and will not be repeated here. However,
the MapReduce model has certain limitations [11]: (1) user-submitted tasks are
not always simple; (2) tasks cannot always be decomposed into parallel subtasks,
as precedence relationships exist between subtasks; and (3) the Reduce phase
requires inner iterations to complete before outer iterations can proceed.

To address these issues, this paper introduces new definitions for the MapReduce
model.

Definition 1 (Complex Task): A complex task is a system composed of a
set of interdependent subtasks, defined as 𝑇 = {𝑡1, 𝑡2, ..., 𝑡𝑛} where each 𝑡𝑖 is an
executable task. The precedence relation ≺ is a partial order on 𝑇 indicating
execution priority, where 𝑡𝑖 ≺ 𝑡𝑗 means 𝑡𝑗 must start after 𝑡𝑖 begins. 𝐷0 is the
communication matrix where 𝑑𝑖𝑗 > 0 represents the data volume from 𝑡𝑖 to 𝑡𝑗.
𝐴 is an 𝑛-dimensional vector where 𝑎𝑖 > 0 represents the computational load of
task 𝑡𝑖.

Clearly, subtasks comprising complex tasks in cloud computing have precedence
constraints, which can be represented using a DAG 𝐺 = (𝑇 , 𝐸). Here 𝑇 rep-
resents the set of nodes (node weights indicate task processing time), and 𝐸
represents the set of edges (edge weights indicate data dependencies and com-
munication time). In a DAG precedence constraint relationship, a node can
only execute after all its predecessor nodes have completed. When two nodes
are assigned to the same processor, their communication cost becomes zero.

Definition 2: For a directed graph 𝐺, let 𝐼𝐷(𝑣) denote the number of edges
ending at vertex 𝑣, and 𝑂𝐷(𝑣) denote the number of edges starting from vertex
𝑣.

Definition 3: A spanning tree of a DAG must satisfy: (1) it has the same
vertices as 𝐺; (2) it has sufficient edges to connect all vertices in 𝐺; and (3)
it contains no cycles. When each edge of the DAG is assigned a weight, the
spanning tree with the minimum total edge weight is the minimum spanning
tree. This paper uses Kruskal’s algorithm to convert the DAG into a minimum
spanning tree, effectively eliminating redundant dependencies while preserving
the most essential task relationships. Figure 1(a) shows task relationships in
the DAG, while Figure 1(b) depicts the resulting minimum spanning tree. Both
graphs contain identical nodes, successfully simplifying redundant dependencies
in the DAG.

[Figure 1: see original paper]
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1.2 Building QoS-Based Task Scheduling Evaluation Model
This paper adopts Quality of Service (QoS) as a critical mechanism for evalu-
ating task scheduling effectiveness in the MapReduce model. Based on general
QoS principles, four evaluation metrics are established: completion time, cost,
reliability, and energy consumption.

1. Completion Time: The total time a task spends in cloud resource
scheduling. This is typically the primary concern for users and a crucial
standard for measuring scheduling effectiveness.

2. Cost: Task scheduling consumes cloud resources such as CPU, memory,
and storage, each with associated usage costs. Therefore, tasks should be
completed with minimal cost.

3. Reliability: Since cloud computing transforms physically distributed
computers into a logically unified virtual system, overall system reliabil-
ity is fundamental to task scheduling. As reliability cannot be measured
directly with formulas, user satisfaction is used to reflect system reliability.

4. Energy Consumption: Task scheduling inevitably involves energy con-
sumption due to network bandwidth and hardware usage when different
tasks are assigned to different resources. Energy consumption cannot be
ignored in task scheduling.

To achieve efficient QoS, all four evaluation criteria must be satisfied simultane-
ously. Let 𝑇𝐶𝑖

, 𝐶𝑆𝑖
, 𝑟𝑖, and 𝐸𝑖 represent completion time, cost, reliability, and

energy consumption for the 𝑖-th task scheduling solution, with 𝑤1, 𝑤2, 𝑤3, 𝑤4 as
their respective weights. The evaluation function for solution 𝑖 is:

𝐹(𝑖) = 𝑤1 ⋅ 𝑇𝐶𝑖
+ 𝑤2 ⋅ 𝐶𝑆𝑖

+ 𝑤3 ⋅ 𝑟𝑖 + 𝑤4 ⋅ 𝐸𝑖 (1)

The optimal task scheduling solution based on QoS is found by minimizing this
function:

𝐵𝑒𝑠𝑡𝐹 = min{𝐹(𝑖) ∣ 𝑖 = 1, 2, ..., 𝑛} (2)

2. Fruit Fly Optimization Algorithm (FOA)
In 2011, Pan proposed a novel swarm intelligence optimization algorithm called
Fruit Fly Optimization Algorithm (FOA), which simulates the foraging behav-
ior of fruit fly populations using a cooperative group mechanism. The FOA
algorithm consists of the following steps:

Step 1: Set population size 𝑃𝑜𝑝𝑆𝑖𝑧𝑒, maximum iterations 𝑀𝑎𝑥𝑁𝑢𝑚, group
range 𝐿, and individual flight range 𝐹𝑟. The position of each fruit fly is given
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by 2D coordinates. The initial position is:

{𝑋𝑎𝑥𝑖𝑠 = 𝑟𝑎𝑛𝑑(𝐿, 𝑟)
𝑌𝑎𝑥𝑖𝑠 = 𝑟𝑎𝑛𝑑(𝐿, 𝑟)

Step 2: Olfactory Search Process

Step 2.1: When a fruit fly searches via olfaction, it is assigned a random flight
direction and distance:

{𝑋𝑖 = 𝑋𝑎𝑥𝑖𝑠 + 𝑟𝑎𝑛𝑑(𝐹𝑟)
𝑌𝑖 = 𝑌𝑎𝑥𝑖𝑠 + 𝑟𝑎𝑛𝑑(𝐹𝑟)

Step 2.2: The smell concentration value is inversely proportional to the dis-
tance from the food source. First calculate the distance 𝐷𝑖𝑠𝑡𝑖 from the individ-
ual to the origin using equation (5), then compute the smell concentration value
𝑆𝑖 using equation (6).

Step 2.3: Calculate the smell concentration 𝑆𝑚𝑒𝑙𝑙𝑖 for each fruit fly using
equation (7), where 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑆𝑖) is the concentration judgment function (i.e.,
the objective function to be optimized).

Step 3: Visual Search Process
The fruit fly population flies toward the position with best concentration found
in Step 2.

Step 4: Repeat Steps 2 and 3 until reaching maximum iterations. The position
with best concentration is the optimal solution.

The FOA algorithm is simple, comprising only olfactory and visual search com-
ponents, with key parameters being population size and maximum iterations.
Literature [12-13] demonstrates that FOA has good global search capabilities
compared to other intelligent algorithms. However, its limitations include insuf-
ficient local search ability, unstable optimization results, and premature conver-
gence.

3. IFOA-GA Based Cloud Computing Task Scheduling
Strategy
To address FOA’s limitations, this paper improves four aspects: population
initialization, boundary handling, step size transformation, and individual se-
lection, while integrating GA to create the new IFOA-GA algorithm for cloud
computing task scheduling.
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3.1 Population Initialization

FOA lacks population initialization, which may cause many invalid solutions
in early stages. To ensure effective solutions are uniformly distributed in the
solution space, this paper employs orthogonal experimental design based on
orthogonal arrays and quantization techniques for FOA population initialization.
This method enables initial solutions to be evenly distributed in the feasible
region, improving optimal solution search speed.

Step 1: Divide the FOA population problem feasible domain into 𝑆 subsets.

Step 2: After quantizing subset 𝑆 𝑄 times, obtain 𝑆1, 𝑆2, ..., 𝑆𝑄.

Step 3: Select 𝑀 individuals with highest fitness from 𝑁 individuals as the
initial population.

The orthogonal array 𝐿𝑁×𝑀(𝑄𝑁) is constructed as follows: when 𝑄 is odd,
construct the basic column 𝑎𝑖1 = 𝑖 − 1 for 𝑖 = 1, 2, ..., 𝑄. For 𝑗 = 2, 3, ..., 𝑁 ,
when 𝑠 = 1, 2, ..., 𝑄 − 1 and 𝑡 = 1, 2, ..., 𝑄𝑗−1, compute:

𝑎𝑖,𝑗 = (𝑎𝑖,𝑗−1 + 𝑎𝑡,1) mod 𝑄

3.2 Boundary Handling

FOA individuals may exceed feasible domain boundaries. When dimension 𝑘 of
individual 𝑥𝑖 exceeds boundaries, it is mapped to a new position using equation
(14):

̂𝑥𝑖𝑘 = {𝑥𝐿𝐵,𝑘 + cos(𝛼) ⋅ (𝑥𝑈𝐵,𝑘 − 𝑥𝐿𝐵,𝑘), 𝑥𝑖𝑘 < 𝑥𝐿𝐵,𝑘
𝑥𝑈𝐵,𝑘 + cos(𝛽) ⋅ (𝑥𝑈𝐵,𝑘 − 𝑥𝐿𝐵,𝑘), 𝑥𝑖𝑘 > 𝑥𝑈𝐵,𝑘

where 𝑥𝑈𝐵,𝑘 and 𝑥𝐿𝐵,𝑘 are upper and lower bounds for dimension 𝑘, and 𝑥𝑜,𝑘
is the origin.

Figure 2 illustrates the boundary handling process. For upper boundary viola-
tion, a circle centered at origin 𝑥𝑜 with radius 𝑚 intersects the 𝑥-axis at the
new position ̂𝑥𝑖𝑘. Lower boundary violation is handled similarly. This approach
maintains relative positions while keeping data characteristics intact. Figure 3
shows boundary violation scenarios before and after handling.

[Figure 2: see original paper]
[Figure 3: see original paper]

3.3 Search Step Size Improvement

FOA sets a fixed step size when generating new positions, which balances global
and local search capabilities. Large step sizes enhance global search and conver-
gence speed but reduce local search precision, while small step sizes have the
opposite effect. This paper proposes an adaptive step size improvement:
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{𝑋𝑖 = 𝑋𝑎𝑥𝑖𝑠 + 𝑟𝑎𝑛𝑑(𝐹𝑟) ⋅ 𝐻𝑖
𝑌𝑖 = 𝑌𝑎𝑥𝑖𝑠 + 𝑟𝑎𝑛𝑑(𝐹𝑟) ⋅ 𝐻𝑖

where 𝐻𝑖 = 𝐿 ⋅ 𝛼𝑖, and 𝛼𝑖 is defined as:

𝛼𝑖 = {(1 + sin( 𝜋⋅𝑖
𝑇 )), 𝑖 ≤ 𝑇

(1 + sin( 𝜋⋅(𝑖 mod 𝑇 )
𝑇 )), 𝑖 > 𝑇

Here 𝐿 is the search space length, 𝑇 is the iteration count, and 𝑖 is the current
iteration. The step size variation is shown in Figure 4, which demonstrates that
this approach divides the search process into multiple cycles, enhancing diver-
sity and reducing local convergence likelihood. The periodic step size variation
effectively controls the impact of step size changes on the algorithm.

[Figure 4: see original paper]

3.4 Individual Selection Improvement

In standard FOA, individuals are selected based solely on their own concentra-
tion values, ignoring their impact on future generations and the overall popula-
tion. This paper improves selection using GA concepts.

(1) Individual Selection:
Fitness values are determined from concentration values. However, simply using
individual optimal concentration as fitness has drawbacks, as it ignores the rela-
tionship between individual and population concentrations, potentially causing
local optima. This paper constructs a fitness function based on forward sequenc-
ing, sorting individuals by objective function values in descending order, then
mapping them to fitness values:

𝑓𝑖 = sin(𝑥𝑖), 𝑖 = 1, 2, ..., 𝑁

where 𝑥𝑖 = 𝑁+1−𝑖
𝑁 . The difference between adjacent individuals’fitness values

is:

𝑓𝑖 − 𝑓𝑖+1 = sin(1)
𝑁

The selection probability for individual 𝑖 using roulette wheel selection is:

𝑝𝑖 = 𝑓𝑖
∑𝑁

𝑗=1 𝑓𝑗

The probability difference between adjacent individuals is small, ensuring selec-
tion diversity, especially as population size increases.

chinarxiv.org/items/chinaxiv-201808.00080 Machine Translation

https://chinarxiv.org/items/chinaxiv-201808.00080


(2) Mutation Operation:
The 𝑖-th fruit fly individual 𝑥𝑔

𝑖 in generation 𝑔 is mutated using:

𝑉 𝑔+1
𝑖 = 𝑥𝑔

𝑖 + 𝑟1 ⋅ (𝐹 − 𝑥𝑔
𝑖 )

where 𝑟1 is a random factor in [0, 1] controlling scaling.

(3) Crossover Operation:
With certain probability, crossover occurs between mutated individual 𝑉 𝑔+1

𝑖 and
parent 𝑥𝑔

𝑖 to produce new individual 𝑦𝑖:

𝑦𝑖 = {𝑣𝑖,𝑗, 𝜅𝑖,𝑗 ∈ [0, 1]
𝑥𝑖,𝑗, otherwise

This ensures at least one component of 𝑦𝑖 comes from 𝑉 𝑔+1
𝑖 .

3.5 Algorithm Flow

Step 1: Represent cloud computing tasks as a DAG, simplify to a minimum
spanning tree using Kruskal’s algorithm, remove redundant information, and
map tasks to fruit fly individuals. Set iteration parameters.

Step 2: Initialize the fruit fly population using equations (11-13).

Step 3: Update positions during olfactory search using equation (19), execute
equations (5-8). During visual search, apply boundary handling from equation
(14) if boundary violation occurs.

Step 4: Update fruit fly individuals using equations (20-26).

Step 5: Check if maximum iterations reached. If yes, proceed to Step 6; other-
wise return to Step 3.

Step 6: Algorithm terminates. The best fruit fly individual corresponds to the
optimal task scheduling solution.

The algorithm flowchart is shown in Figure 5.

[Figure 5: see original paper]

3.6 Algorithm Simulation

To validate IFOA-GA’s effectiveness, experiments were conducted on a hardware
platform with Intel Core i5-7500 CPU, 4GB DDR3 memory, and 1TB hard
drive, running 64-bit Windows with CloudSim simulation platform. IFOA-GA
was compared with IFOA [15], IPSO [16], and IGA [17] algorithms. Maximum
iterations were set to 100, with task quantities ranging from 10,000 to 100,000.
Algorithm parameters followed their respective literature.
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Comparisons were made across four dimensions: completion time, cost, reliabil-
ity, and energy consumption.

Completion Time: Figure 6 shows that as task quantity increases, all al-
gorithms require more time. While IPSO and IGA are improved intelligent
algorithms, IFOA-GA consistently requires the least time, demonstrating its
advantage.

[Figure 6: see original paper]

Cost: Figure 7 shows cost increases with task quantity for all algorithms. IFOA-
GA shows larger fluctuations initially due to population initialization overhead,
but stabilizes later and maintains overall cost advantage.

[Figure 7: see original paper]

Reliability: Figure 8 shows IFOA-GA outperforms others as task quantity
increases, benefiting from FOA improvements and GA integration.

[Figure 8: see original paper]

Energy Consumption: Figure 9 shows all algorithms consume more energy
with increasing tasks. IFOA-GA’s curve is stable with low fluctuation, reducing
energy consumption by approximately 7.27%, 9.33%, and 15.49% compared to
the other three algorithms.

[Figure 9: see original paper]

These results demonstrate IFOA-GA’s superiority through orthogonal array
initialization, boundary handling, adaptive step size, and GA-based selection,
improving overall performance and cloud computing task scheduling efficiency.

4 Conclusion
This paper addresses cloud computing task scheduling challenges by fusing FOA
and GA to create the IFOA-GA algorithm, which achieves good results in cloud
computing task scheduling. However, this study does not consider the impact
of virtual machine load in task scheduling, which will be investigated in future
work.
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