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Abstract
To address the issues of prolonged execution time and high device energy con-
sumption in task scheduling for mobile cloud computing environments, a task
scheduling strategy based on an improved bird swarm algorithm (IBSA) is pro-
posed. First, a mobile cloud task scheduling model focusing on energy consump-
tion and time is constructed. Second, adaptive perception coefficients and social
coefficients are proposed to prevent the algorithm from falling into local optima;
a learning factor is constructed to optimize flight behavior, ensuring individual
search capability. Finally, the task scheduling objective function participates in
the iterative update of the algorithm as the fitness function of bird swarm indi-
viduals. Simulation results demonstrate that compared with the ant colony al-
gorithm, particle swarm algorithm, whale algorithm, and bird swarm algorithm,
this algorithm achieves favorable performance in mobile cloud computing task
scheduling, effectively saving time and reducing energy consumption.
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Abstract

Task scheduling in mobile cloud computing environments suffers from excessive
time consumption and high device energy costs. To address these issues, this
paper proposes a task scheduling strategy based on an Improved Bird Swarm Al-
gorithm (IBSA). First, we construct a mobile cloud task scheduling model that
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primarily considers energy consumption and execution time. Second, we intro-
duce adaptive sensing coefficients and social coefficients to prevent the algorithm
from falling into local optima. We also optimize flight behavior through learn-
ing factors to ensure individual search capabilities. Finally, the task scheduling
objective function serves as the fitness function for bird swarm individuals dur-
ing iterative updates. Simulation results demonstrate that compared with the
ant colony algorithm, particle swarm algorithm, whale algorithm, and standard
bird swarm algorithm, the proposed algorithm achieves superior performance
in mobile cloud computing task scheduling, effectively reducing both time con-
sumption and energy expenditure.

Keywords: mobile cloud computing; bird swarm algorithm; adaptive; learning
factor

0 Introduction
Wireless mobile computing enables people to work across geographic regions us-
ing portable devices and assists enterprises in resource allocation. However, due
to constraints in battery capacity, storage, and computing power, this approach
cannot compete with traditional servers and desktop devices—mobile hardware
capabilities remain extremely limited. Mobile cloud computing technology has
emerged as a promising solution to these challenges. Unlike conventional cloud
computing, nodes in mobile cloud computing consist of numerous mobile ter-
minals, whose attributes such as storage capacity, network connectivity status,
and battery level affect overall cloud task scheduling.

Previous studies have focused on either task completion time or device energy
consumption individually. Some researchers have considered joint optimiza-
tion: for instance, literature [11] proposed a CCS algorithm for multi-task flows
that improves task processing rates and reduces response times by increasing
concurrency between task transmission and execution and enhancing task set
integration probability, though it lacks comparison with other scheduling algo-
rithms. Literature [12] examined a task scheduling model and objective function
for joint execution time optimization, using simulated annealing to reduce time
and energy consumption but at the cost of increased algorithmic complexity.
Literature [13] employed a linear-time scheduling algorithm based on task mi-
gration for mobile cloud computing, though its practical effectiveness requires
further validation. Literature [14] proposed an optimal task workflow schedul-
ing scheme based on the whale algorithm, but this increased algorithm runtime.
Literature [15] introduced a collaborative multi-task scheduling scheme based on
ant colony optimization, yet it lacked comparison with newer bio-inspired algo-
rithms. Literature [16] utilized bio-inspired algorithms to solve task scheduling
problems for user mobile devices, demonstrating good scheduling performance
in terms of energy efficiency and response time.

These studies indicate that bio-inspired algorithms can enhance task schedul-
ing effectiveness in mobile cloud computing. Inspired by this observation, this
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paper applies an optimized bird swarm algorithm to mobile cloud computing
task scheduling, specifically investigating task execution time and device energy
consumption.

1.1 Mobile Cloud Computing Task Scheduling
The objective of task allocation in mobile cloud computing environments is
to reasonably distribute N parallelizable subtasks among M mobile devices to
minimize task execution time and system power consumption while improving
execution efficiency and reducing overall system energy usage. Based on the
task time and device energy calculation methods described in literature [17],
this paper constructs both task time fitness functions and device energy fitness
functions.

Let 𝑇 = {𝑇1, 𝑇2, ..., 𝑇𝑁} represent the task set, where user-submitted tasks are
divided into N subtasks that can be processed in parallel.

a) Task Completion Time Fitness Function

Mobile resources in cloud computing environments exhibit dynamic and hetero-
geneous characteristics. The same task may require different completion times
on different mobile devices, depending on the device’s computing capability.
Typically, for a task 𝑇𝑖 assigned to device 𝐷𝑗, its execution time 𝑡𝑒

𝑖𝑗 depends
on the task’s length 𝐿𝑖 and the device’s CPU processing capability 𝐶𝑐𝑝𝑢

𝑗 (in
MIPS). The execution time is expressed as:

𝑡𝑒
𝑖𝑗 = 𝐿𝑖

𝐶𝑐𝑝𝑢
𝑗

× 𝑢𝑐𝑝𝑢 (1)

where 𝑢𝑐𝑝𝑢 represents the mobile device’s CPU usage rate. Note that this
consideration is based on the fact that CPU consumption time in both idle and
busy states on mobile devices inevitably affects overall task execution time.

In addition to computing capability, task completion time also depends on the
device’s network transmission capability, as different mobile devices have varying
network bandwidths that affect both the time to map tasks to the device and
the time to return results, thereby influencing total completion time. For task
𝑇𝑖 assigned to mobile device 𝐷𝑗, let 𝑡𝑡𝑠

𝑖𝑗 and 𝑡𝑡𝑟
𝑖𝑗 represent the task mapping time

and result return time, respectively, which are determined by input data size
𝑑𝑖

𝑖𝑛, output data size 𝑑𝑖
𝑜𝑢𝑡, and the device’s network bandwidth 𝐵𝑛

𝑗 :

𝑡𝑡𝑠
𝑖𝑗 = 𝑑𝑖

𝑖𝑛
𝐵𝑛

𝑗
, 𝑡𝑡𝑟

𝑖𝑗 = 𝑑𝑖
𝑜𝑢𝑡

𝐵𝑛
𝑗

Therefore, the total time for mobile device 𝐷𝑗 to complete task 𝑇𝑖 is:

𝑡𝑖𝑗 = 𝑡𝑒
𝑖𝑗 + 𝑡𝑡𝑠

𝑖𝑗 + 𝑡𝑡𝑟
𝑖𝑗
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The final completion time for the entire task set is determined by the subtask
requiring the longest time:

𝑇 𝑚𝑎𝑥
𝑖𝑗 = max(𝑡𝑖𝑗)

Thus, the task completion time fitness function is:

𝑓𝑖𝑡𝑡𝑖𝑚𝑒 = min(𝑇 𝑚𝑎𝑥
𝑖𝑗 )

b) Device Energy Consumption Fitness Function

Limited battery power represents a critical constraint in mobile cloud computing
environments. Mobile devices are computing resources with finite energy, so task
allocation must consider not only energy consumed during task execution but
also the device’s baseline energy consumption. Each mobile device must first
maintain power for essential control modules and programs, with remaining
power allocated to scheduled tasks in the mobile cloud computing environment.

Based on literature [18] describing energy consumption of mobile device hard-
ware modules (CPU, memory, WiFi, etc.), the energy consumption of mobile
device 𝐷𝑗 when executing task 𝑇𝑖 is:

𝑒𝑐
𝑖𝑗 = 𝛽𝑐𝑝𝑢 × 𝜇𝑖𝑗

𝑐𝑝𝑢 × 𝑡𝑒
𝑖𝑗 + 𝛽𝑚𝑒𝑚 × 𝜇𝑖𝑗

𝑚𝑒𝑚 × 𝑡𝑒
𝑖𝑗

where 𝜇𝑖𝑗
𝑐𝑝𝑢 and 𝜇𝑖𝑗

𝑚𝑒𝑚 represent CPU and memory usage rates, respectively,
while 𝛽𝑐𝑝𝑢 and 𝛽𝑚𝑒𝑚 denote the power consumption coefficients for CPU and
memory modules.

In addition to execution energy, data transmission between mobile devices and
proxy servers also consumes energy, primarily due to different network connec-
tion methods employed by various devices. According to literature [20], mobile
device data transmission energy is proportional to transmitted data size. The
energy consumption 𝑒𝑑

𝑖𝑗 caused by data transmission is:

𝑒𝑑
𝑖𝑗 = 𝛿𝑛𝑒𝑡 × (𝑑𝑖

𝑖𝑛 × 𝑡𝑡𝑠
𝑖𝑗 + 𝑑𝑖

𝑜𝑢𝑡 × 𝑡𝑡𝑟
𝑖𝑗)

where 𝛿𝑛𝑒𝑡 is the network transmission module’s power consumption coefficient.

Therefore, the total energy consumption for mobile device 𝐷𝑗 completing task
𝑇𝑖 is:

𝑒𝑖𝑗 = 𝑒𝑐
𝑖𝑗 + 𝑒𝑑

𝑖𝑗

The final task completion energy is the sum of energy consumption across all
tasks:
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𝐸𝑖𝑗 = ∑ 𝑒𝑖𝑗

Thus, the device energy consumption fitness function is:

𝑓𝑖𝑡𝑒𝑛𝑒𝑟𝑔𝑦 = min(𝐸𝑖𝑗)

1.2 Bird Swarm Algorithm
The Bird Swarm Algorithm (BSA), proposed by Xian-Bing Meng in 2015, is a
novel swarm intelligence algorithm inspired by bird flocking behavior. The algo-
rithm models three behaviors observed during bird foraging: foraging behavior,
vigilance behavior, and flight behavior. Through information sharing mech-
anisms and search strategies, it achieves optimal solutions and demonstrates
superior performance compared to ant colony and particle swarm algorithms
for optimization problems.

Let the bird swarm population size be 𝑁 , the search space be 𝐷-dimensional,
and the position of the 𝑖-th bird in the 𝑗-th dimension be 𝑋𝑖 = [𝑥𝑖,1, 𝑥𝑖,2, ..., 𝑥𝑖,𝐷].
a) Foraging Behavior

During foraging, each bird individual updates its position based on both per-
sonal and population experience:

𝑥𝑡+1
𝑖,𝑗 = 𝑥𝑡

𝑖,𝑗 + 𝐶 × rand() × (𝑝𝑖,𝑗 − 𝑥𝑡
𝑖,𝑗) + 𝑆 × rand() × (𝑔𝑗 − 𝑥𝑡

𝑖,𝑗)

where 𝑥𝑡
𝑖,𝑗 and 𝑥𝑡+1

𝑖,𝑗 represent the 𝑖-th bird’s position in the 𝑗-th dimension at
iterations 𝑡 and 𝑡+1, respectively; 𝐶 and 𝑆 are the sensing coefficient and social
driving coefficient; 𝑝𝑖,𝑗 is the 𝑖-th bird’s best position in the 𝑗-th dimension;
𝑔𝑗 is the swarm’s best position in the 𝑗-th dimension; and rand() denotes a
random number between 0 and 1.

b) Vigilance Behavior

Birds moving toward the swarm center inevitably create competition, causing
flight obstacles. The position update formula under vigilance behavior is:

𝑥𝑡+1
𝑖,𝑗 = 𝑥𝑡

𝑖,𝑗 + 𝐴1 × (mean𝑗 − 𝑥𝑡
𝑖,𝑗) × rand() + 𝐴2 × (𝑝𝑘,𝑗 − 𝑥𝑡

𝑖,𝑗) × rand()

where:

𝐴1 = 𝑎1 × exp (− 𝑝𝐹𝑖𝑡𝑖
𝑠𝑢𝑚𝐹𝑖𝑡 × 𝑁 + 𝜀)
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𝐴2 = 𝑎2 × exp ( 𝑝𝐹𝑖𝑡𝑖 − 𝑝𝐹𝑖𝑡𝑘
|𝑝𝐹 𝑖𝑡𝑖 − 𝑝𝐹𝑖𝑡𝑘| + 𝜀 × 𝑁 × 𝑝𝐹𝑖𝑡𝑖

𝑠𝑢𝑚𝐹𝑖𝑡 + 𝜀)

Here, 𝑝𝑘,𝑗 is the 𝑘-th bird’s position in the 𝑗-th dimension, where 𝑘 is a random
positive integer in [1, 𝑁] and 𝑘 ≠ 𝑖; 𝑎1 and 𝑎2 are constants in [0, 2]; 𝑝𝐹𝑖𝑡𝑖 is the
𝑖-th bird’s best fitness value; mean𝑗 is the average position in the 𝑗-th dimension;
𝑠𝑢𝑚𝐹𝑖𝑡 is the sum of the swarm’s best fitness values; and 𝜀 is a small constant
to prevent division by zero. 𝐴1 and 𝐴2 represent indirect and direct influences
from the environment when individuals fly toward the swarm center. When
𝑝𝐹𝑖𝑡𝑘 is better than 𝑝𝐹𝑖𝑡𝑖, individual 𝑖 experiences greater interference than 𝑘,
potentially causing 𝑖 to also move toward the swarm center.

c) Flight Behavior

During flight, birds may be disturbed by other flying animals and relocate. In
new foraging areas, some birds act as producers searching for food, while others
act as scroungers following producers. These roles are defined as:

Producer:
𝑥𝑡+1

𝑖,𝑗 = 𝑥𝑡
𝑖,𝑗 + randn(0, 1) × 𝑥𝑡

𝑖,𝑗

Scrounger:
𝑥𝑡+1

𝑖,𝑗 = 𝑥𝑡
𝑖,𝑗 + rand() × (𝑥𝑡

𝑘,𝑗 − 𝑥𝑡
𝑖,𝑗) × 𝐹𝐿

where randn(0, 1) represents a Gaussian distribution with mean 0 and standard
deviation 1, indicating that scroungers follow producers to find food. 𝐹𝐿 ∈ (0, 2]
represents the scroungers’following probability, and 𝐹𝑄 is a positive integer
representing the frequency of birds flying to other locations.

2 Improved Bird Swarm Algorithm for Mobile Cloud Com-
puting Task Scheduling
The standard BSA algorithm suffers from susceptibility to local optima and pre-
mature convergence. While literature [22] improved the algorithm’s later-stage
performance by introducing population similarity and aggregation concepts with
random probability assignment for optimal positions, literature [23] enhanced
performance by using current optimal individuals to replace random selection
and incorporating step-size weighted averaging, and literature [24] employed
migration and mutation strategies to improve local search capability, these ap-
proaches either increase algorithmic complexity or show limited convergence
improvement.

2.1 Improved Bird Swarm Algorithm

a) Adaptive Sensing Coefficient and Social Coefficient

In foraging behavior, each individual updates its position using both personal
and swarm positions. This paper optimizes the sensing coefficient 𝐶 and social
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driving coefficient 𝑆 by assigning different values to ensure distinct flight effects
for each bird. The new coefficients are:

𝐶 = 𝐶min + (𝐶max − 𝐶min) × 𝑡
𝑡max

𝑆 = 𝑆min + (𝑆max − 𝑆min) × 𝑡
𝑡max

where 𝐶min is the minimum sensing coefficient, 𝑡 is the current iteration num-
ber, and 𝑡max is the maximum iteration number. In the early algorithm stages,
smaller 𝐶 and 𝑆 values emphasize global optimal search. As iterations progress,
these values gradually increase to facilitate fine-grained search in later stages,
improving convergence precision, helping birds escape local optima, and reduc-
ing the probability of missing optimal solutions.

b) Flight Behavior Based on Learning Factors

In flight behavior, producers continue foraging while scroungers probabilistically
obtain food from designated producers. This approach neglects positional in-
formation among scroungers within subgroups, potentially causing scroungers
to fall into local optima alongside producers. Therefore, this paper optimizes
the scrounger position update formula by incorporating learning from other
scroungers in the subgroup:

𝑥𝑡+1
𝑖,𝑗 = 𝑥𝑡

𝑖,𝑗 + rand() × (𝑥𝑡
𝑘,𝑗 − 𝑥𝑡

𝑖,𝑗) × 𝐹𝐿 × 𝑀

where 𝑀 is the learning factor, defined as:

𝑀 = exp ( 𝑓𝑖𝑡′
𝑖

𝑓𝑖𝑡′𝑔
)

Here, 𝑓𝑖𝑡′
𝑖 represents the current scrounger individual’s fitness function value,

and 𝑓𝑖𝑡′
𝑔 represents the best scrounger individual’s fitness in the current sub-

group. This ratio reflects the association degree between the 𝑖-th scrounger and
the best scrounger within the subgroup. A larger ratio yields a larger 𝑀 value,
indicating the current scrounger is closer to the optimal scrounger, thereby en-
hancing individual search capability and providing guarantees for subsequent
flights.

2.2 Fitness Function

This paper employs both completion time and energy consumption fitness func-
tions as task scheduling objective functions. Each bird individual corresponds to
a task scheduling scheme, with the objective function serving as the algorithm’
s fitness function. Leveraging the bird swarm algorithm’s inherent strengths,
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optimal scheduling schemes are obtained through fitness comparisons. However,
due to significant differences in value ranges between time and energy fitness
functions, normalization adjusts both to the [0, 1] range.

Let 𝑇max and 𝑇min represent the maximum and minimum values of the time fit-
ness function, and 𝐸max and 𝐸min represent those of the energy fitness function.
The adjusted functions are:

𝑇 ′ = 𝑇max − 𝑇
𝑇max − 𝑇min

𝐸′ = 𝐸max − 𝐸
𝐸max − 𝐸min

Thus, the bird swarm algorithm’s fitness function combines the adjusted time
and energy functions:

𝑓𝑖𝑡 = 𝛼 × 𝑇 ′ + 𝛽 × 𝐸′

where 𝛼 and 𝛽 are weights satisfying 𝛼 + 𝛽 = 1, representing the optimization
objectives of the bird swarm algorithm.

2.3 Scheduling Process

The scheduling process follows these steps:

a) Initialize the bird swarm algorithm and related parameters, mapping mo-
bile cloud computing task scheduling schemes to bird individuals, and set
the maximum iteration count.

b) Optimize the foraging behavior of the bird swarm algorithm.

c) Optimize the flight behavior of the bird swarm algorithm.

d) Compare the current task objective function value with the previous iter-
ation’s value. If improved, replace the original bird individual’s position;
otherwise, maintain it.

e) If the iteration count is less than the maximum, return to step c); other-
wise, proceed to step f).

f) Output the position of the bird individual with optimal fitness, represent-
ing the best cloud computing task scheduling scheme.

3.1 Experimental Environment and Parameters
Experiments were conducted on hardware with a 2.4 GHz CPU, 8 GB DDR3
RAM, and 1 TB hard drive, running Windows 7 with MATLAB 2012b simu-
lation environment and Java Hotspot 64-bit Server VM. Primary experimental
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parameters are shown in , while comparative algorithm parameters are listed in
.

TABLE:1 Task allocation related parameters
- CPU processing capability (MIPS): 3000-10000 (interval 1000)
- Network transmission capability (bit/s): 100-1000 (interval 100)
- CPU usage rate: 0.1-0.9 (interval 0.1)
- Task length (million instructions): 10000-20000 (interval 1000)
- Input/output data size: 100-1000 (interval 100)

TABLE:2 Comparative algorithm parameters
- Ant Colony Algorithm (ACO): Pheromone value 0.005, evaporation coef-
ficient 0.01, path selection probability 0.5
- Particle Swarm Algorithm (PSO): Inertia weight 0.5, two learning factors
0.5, random weight 0.5
- Whale Algorithm (WOA): Decreasing coefficient 𝑎 linearly decreasing in
[2,0]
- Bird Swarm Algorithm (BSA): Sensing and social coefficients both 1.5, 𝑎1
and 𝑎2 as 1, 𝐹𝐿 as 3
- Improved Bird Swarm Algorithm ABSA [22] (IBSA): Sensing and so-
cial coefficients both 1.5, 𝑎1 and 𝑎2 as 1, 𝐹𝐿 ∈ [0.5, 0.9], 𝐹𝑄 = 6, 𝐶min = 0.8,
𝑃 = 0.3, 𝜆 = 0.1, 𝜏 = 0.1
- Proposed IBSA: Minimum sensing coefficient 1, 𝑎1 and 𝑎2 as 1, 𝐹𝐿 ∈ [0.8, 1],
𝐹𝑄 = 0.5, initial scale coefficient 1

3.2 Experimental Content
Experiments consist of three parts: (1) evaluation of task scheduling functions,
(2) testing task completion time and mobile device energy consumption under
different task quantities using the proposed algorithm, and (3) comparing the
proposed algorithm with others under varying task quantities. Mobile device
quantities range from 50 to 500, with task quantities set at 100, 200, 500, and
1000.

a) Task Scheduling Function Evaluation

[Figure 1: see original paper] displays the comparison of task scheduling eval-
uation function values among six algorithms in mobile cloud computing. The
proposed IBSA algorithm rapidly converges to the smallest stable value com-
pared to the other five algorithms, demonstrating better convergence perfor-
mance than the standard BSA algorithm and validating its effectiveness for
mobile cloud computing task scheduling.

b) Task Completion Time and Device Energy Consumption of the
Proposed Algorithm

[Figure 2: see original paper] and [Figure 3: see original paper] show the pro-
posed algorithm’s performance in task completion time and energy consumption.
[Figure 2: see original paper] reveals that for a fixed task quantity, completion
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time gradually decreases as the number of mobile devices increases. With larger
task quantities, increasing device count significantly reduces completion time,
while for smaller task quantities, the decreasing trend becomes less pronounced
—indicating that additional devices provide limited benefit when tasks are few.
[Figure 3: see original paper] demonstrates that for a fixed device count, en-
ergy consumption increases with task quantity. However, when task quantity
remains constant, energy consumption does not grow substantially with increas-
ing device count, suggesting that the energy required to schedule a fixed number
of tasks remains relatively constant.

c) Comparison with Other Algorithms in Time and Energy Consump-
tion

[Figure 4: see original paper] and [Figure 5: see original paper] present comple-
tion time and energy consumption comparisons among six algorithms for 100
tasks. With small task quantities, differences between algorithms are minimal,
indicating the proposed algorithm holds no significant advantage. [Figure 6: see
original paper] and [Figure 7: see original paper] show results for 1000 tasks.
As mobile device count increases, the proposed algorithm’s completion time
remains substantially lower than the other five algorithms, demonstrating its
time efficiency due to enhanced performance. Regarding energy consumption,
the proposed algorithm achieves the lowest system device energy, followed by
ABSA, WOA, PSO, with ACO consuming the most energy—confirming that the
proposed algorithm maximizes energy savings.

4 Conclusion
Addressing the problems of long completion times and high mobile device energy
consumption in mobile cloud computing task scheduling, this paper maps fea-
sible scheduling schemes to bird swarm individuals and employs the scheduling
objective function as the algorithm’s fitness function. By optimizing the sens-
ing and social coefficients and incorporating learning factors in flight behavior,
the algorithm’s performance is enhanced. Simulation experiments demonstrate
that the proposed algorithm effectively reduces scheduling time and energy con-
sumption in mobile cloud computing task scheduling.

Future research will investigate the impact of cost factors on task scheduling to
optimize the objective scheduling model for even better performance in mobile
cloud computing environments.
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