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The Flying Fox Optimization Algorithm is a metaheuristic method
inspired by the foraging and movement behavior of flying foxes. These
creatures, a type of bat, provide a suitable model for designing an
efficient algorithm through their flight between trees and search for
food resources. In this study, the main objective is to develop and
evaluate the performance of this algorithm in the MATLAB
environment while leveraging CUDA architecture to enable parallel
processing and GPU computational power. For this purpose, a
proposed version of the algorithm was implemented, and its execution
speed and efficiency were compared with the serial version.
Simulation results indicate that parallel execution of the algorithm on
the GPU significantly reduces execution time, performing over 314
times faster than the serial implementation. This remarkable
improvement is primarily due to the simultaneous execution of blocks
and optimal utilization of GPU computational resources. The findings
suggest that the parallelized version of this algorithm demonstrates
higher efficiency compared to traditional methods and can be highly
effective in solving complex scientific and engineering problems,
including numerical simulations, big data processing, and real-time
modeling. Therefore, using CUDA architecture can play a crucial role
in enhancing both the speed and quality of metaheuristic
computations.
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EXTENDED ABSTRACT

Introduction

In recent years, a wide range of nature-inspired algorithms have been developed to
solve optimization problems. The flying fox optimization algorithm or FFOA is inspired by
the nature and behaviour of flying foxes, including fast flight and jumping from different
locations, and has been effectively used in modelling. This algorithm can be adapted for
various problems (such as continuous and discrete optimization problems). Also, this
algorithm has the ability to find the best solution in complex problems by combining global
and local search. This study was conducted in two stages with the aim of parallelizing the
flying fox optimization algorithm using the CUDA architecture in the MATLAB environment.
In the first stage, the initial formulation of the flying fox optimization algorithm was
presented on the MATLAB software and the execution time of this algorithm in serial mode
for different numbers of foxes was investigated. In the second stage, a parallel solution was
presented to reduce the execution time of this algorithm. In the first stage, the initial
formulation of the flying fox optimization algorithm was presented on the MATLAB software
and the execution time of this algorithm in serial mode was examined for different numbers
of foxes. In the second stage, a parallel solution was presented to reduce the execution time
of this algorithm. Since the MATLAB kernel supports multithreading internally, it enables
simultaneous execution of optimized calculations and better utilization of processing
resources. In this study, the main objective is to develop and optimize an efficient
computational algorithm and evaluate its performance in the CUDA architecture. The
research focus is on improving the processing speed and optimal utilization of GPU
computational resources. For this purpose, the proposed algorithm is designed and
implemented and then its performance is analysed in terms of execution time and GPU
efficiency.

Methodology

The Flying Fox Optimization Algorithm (FFOA) is a nature-based optimization algorithm
inspired by flying foxes' foraging and group migration behavior. It is used to solve complex,
multidimensional optimization problems. In this algorithm, a population of "flying foxes" is
created, each representing a point in the search space. Flying foxes are a type of bat that fly
from tree to tree searching for food sources. The algorithm generally consists of the
following steps:

Initialization and initialization: A population of flying foxes is generated, each representing
a possible solution to the problem. Initial values such as the number of foxes, the maximum
number of iterations, and the range of variables are specified.

Objective function determination: An objective function value is calculated for each fox
based on its position in the search space. The algorithm's goal is to find a position with the
minimum or maximum value of the objective function.

Foxes’ movement: Foxes change their positions using a movement model that depends on a
combination of direct flight and local search. Movement is performed toward the best-
identified positions (based on the objective function).
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Position improvement: If the new position is better than the previous position, an update is
performed. Behaviors such as exploration and extraction are used to ensure that the entire
problem space is searched and that the optimal regions are focused.

Stopping criterion is reached: The algorithm continues until a certain number of iterations
are reached or there is no significant change in the value of the objective function.

To mathematically simulate the FFOA algorithm, we must first model the key behaviors of
this algorithm. These behaviors include flying foxes’ movement, exploration, and extraction.

To implement the algorithm in parallel in MATLAB using the CUDA (Compute Unified Device
Architecture) architecture and graphics processing units (GPU), we will use the capabilities
of MATLAB's Parallel Computing Toolbox. This tool allows you to transfer calculations to the
GPU, which can improve the performance of heavy algorithms. MATLAB software is
considered one of the high-level programming software focused on computational
techniques, due to its simple commands and functions and vector data environment. CUDA
uses the concept of single-cycle switches to hide the latency of data paths and memory
access. CUDA's execution management method is to divide groups of threads among blocks.
Grids are composed of a collection of blocks. Threads can specify their location in a block
and the location of a block within the grid with intrinsic data elements initialized by CUDA.
Threads from different blocks belonging to a grid can be synchronized through atomic
operations in a global memory space shared with other threads. NVIDIA GPU hardware
(shown in Figure 1) is built using SPMD multiprocessing units.
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Figure 1: GPU from a hardware implementation perspective

Results and discussion
Speedup is obtained by dividing the serial execution time (execution on the CPU) and the
parallel execution time (execution on the GPU). If the Speedup value is 2, it means that
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parallel processing is twice as fast as serial processing, and if the Speedup is 1, there is no
improvement. A Speedup greater than one indicates an improvement in the performance of
the implementation method. The graph in Figure 2 shows the comparison of the execution
time of the FFOA algorithm on GPU hardware versus CPU hardware. In this graph, the
horizontal axis is the number of foxes and the vertical axis is the Speedup value. With the
Speedup shown in the graph in Figure 10, it can be concluded that with the increase in the

fox population, the execution speed of the algorithm on GPU hardware has increased by
about 314.074 times.
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Figure 2: Speedup obtained from running the FFOA algorithm in both serial (on CPU) and parallel (on
GPU) modes for different fox populations

Conclusion

In this paper, a new approach to implementing the flying fox optimization algorithm in
parallel on the MATLAB environment was presented. As the results showed, in serial mode,
with the increase in the fox population, the CPU calculation execution time also increases,
while the execution time of this algorithm in parallel mode has been greatly reduced by
using the CUDA architecture features and the parallel processing power provided by the
GPU. Also, comparing the execution time of the FFOA algorithm in serial and parallel modes
showed that implementing this algorithm on GPU hardware using the simultaneous
execution capability of blocks can increase the execution speed by about 314.074 times
compared to CPU hardware. Due to the user-friendliness of GPU hardware, the architecture
of this hardware is constantly growing and developing, and in the near future, by using this
hardware, we can witness significant progress in reducing the execution time of heavy
calculations on parallel environments.
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> gpuDevice

ans =

e bodiy obgy (6 5lw ke 95 (6 5Lw (65190

CUDADevice with properties:

Name :

Index:
ComputeCapability:
SupportsDouble:
GraphicsDriverVersion:
DriverModel:
ToolkitVersion:
MaxThreadsPerBlock:
MaxShmemPerBlock:
MaxThreadBlockSi
MaxGridSize:
SIMDWidth:
TotalMemory:
AvailableMemory:
CachePolicy:
MultiprocessorCount:
ClockRateKHz:
ComputeMode :
GPUOverlapsTransfers:
KernelExecutionTimeout:
CanMapHostMemory:
DeviceSupported:
DeviceAvailable:
DeviceSelected:

'"NVIDIA GeForce RTX 3050 6GB Laptop GPU'
1

'g.6"

1

'551.61"'

"WDDM"'

11.8000

1024

49152 (49.15 KB)

: [1024 1024 64]

[2.1475e+09 65535
32

6441926656 (6.44 GB)
5398986752 (5.40 GB)
'balanced'

20

990000

'Default’

1

65535]

[N i

gpubDevice jguws gl gazs b S
ke a5 o 0ol GPUAITAY 2 b 1, GPU a4y 11 5l sslaziul ool MATLAB i34 o
JEsl Bas 2 s5locslse 51 Ban aigd o Lzl GPU g 5055 & j50 4 ol cal 59, Slomslons
CPU 4 mls clule plxil 5l uy 0oibso GPU (54, 5 Bua ol o, asile (ufiw Slwlxe
FUSE 0 65lwsslge a5l slaods oS saliiul (sam Jole 5o byl 5l olet b Wi oo Jitie
el 00l ools yioles

GPU& CPU 31 aests 35 o8

3N ootizat ‘ GPU Jiyf sl
e
cPu
CPU GPU
S $448
hesls 48,k . .
933!
ceu CPULGPU jf tassts 95 S
Lot
6

GPU 3 CPU (s kosls Joli o9z giwled .5 Sl

90 L | oas oolo &)‘“)L“ (B Cow 9.».:) LQW}».: U.«?u BN FFOA I“:"')Bﬂ‘ G)Lw 6)9,0 aQ -‘0911].4 QS dalad
5 g diile Lo b,y Slles igh oo Jie GPU alasl> 4 eesls JPUATTAY 5l ooliiw | b oS ankd ol
Slow bre 51zl slparrayfun ob 5l g oas sl GPU v 65 ) S095 & j90 @ laasl)T cnl (59, 32,4
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2 Slp Bus b aloe 4 by pe i oS aakid opl 0 055 s ooliwl GPU o 41,1 ;aie j» g,
abil> 4 GPU Slewlre gl Qather jgiws lawg (e w3 oo 1,21 GPU (55 s5lge & g0 0 ol
Voo Camax Gl 4, GPU () 2! 02yl (25 5l (s 50 ¥V IS 00,8 e Jizie CPU
3390 wimmms GPU syl 08 axksd ol oolisil 51 45 s 5, 4355 () 555 48500 sinlos ooy,
Parallel Computing 3 c—ulis sla,gly0 cpizmon 00,5 Slac i CUDA (5 lass 5l oolaz ol

A3l coas 5 TOOIDOX

Iteration 76: Best Fitness = 1.2608e-05
Iteration 77: Best Fitness = 1.2608e-05
Iteration 78: Best Fitness = 1.2608e-05
Iteration 79: Best Fitness = 1.2608e-05
Iteration 80: Best Fitness = 1.2608e-05
Iteration 81: Best Fitness = 1.2608e-05
Iteration 82: Best Fitness = 3.5681le-06
Iteration 83: Best Fitness = 3.5681le-06
Iteration 84: Best Fitness = 3.5681le-06
Iteration 85: Best Fitness = 3.5681le-06
Iteration 86: Best Fitness = 3.5681le-06
Iteration 87: Best Fitness = 3.5681le-06
Iteration 88: Best Fitness = 3.5681le-06
Iteration 89: Best Fitness = 3.5681le-06
Iteration 90: Best Fitness = 3.568le-06
Iteration 91: Best Fitness = 3.568le-06
Iteration 92: Best Fitness = 3.568le-06
Iteration 93: Best Fitness = 3.568le-06
Iteration 94: Best Fitness = 3.568le-06
Iteration 95: Best Fitness = 3.568le-06
Iteration 96: Best Fitness = 3.568le-06
Iteration 97: Best Fitness = 3.568le-06
Iteration 98: Best Fitness = 3.568le-06
Iteration 99: Best Fitness = 3.568le-06

Iteration 100: Best Fitness = 3.568le-06
Best Position Found:
-0.0019 -0.0003

Best Fitness Value: 3.568le-06
oligyVeer I3l & GPU (59, 5 (FFOA) ouiyy olig; g 3lwaionts pit ysl (29,5 . ¥ U
s

oioles SPEEdUP aulns 3 GPU, CPU i 55 (55, 5 Lol o aumlio 2 gy gl i ol 5o
5l aseas o sl ey b (GPU 5 CPU 5lesliw 1L o ,551 slia! oyle dnslin (gl e | oas ols
ool | 1,2! oy 6 mSoslil (g1, tOC g TIC 95 & 5l ()lgs o MATLAB 5 .5,5 (5 1u505lal 1 o ,55!
GPU 3 CPU LI, FFOA 0,551 oS aas oo ioles 1) 508 anhad C o gy dac g Lidu 0 0,8
lacks, slawi GPU s CPU (1 e Iy slis sunlis (gl S o duslin |y byl szl o 5 03,5 1,
ol il o s SLE S e 4 GPU o Shoe o sl YU 15 0 4 il als e slal 5 (Comez)
o GPU s Slee o | Soe cas b ol GPU 3 CPU (1 lassls Jlasl 51 copl 5 ogdle 0,ls (S s

ooy amslin (gly (gados cpl jo 050 SIS ralS caely wilgi o Waosls Jlasl jb,—w 15 0,5 1,3 )ub
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Speedup = Serial Time/ Parallel Time (»)
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