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 Image thresholding is a well approved pre-processing methodology and 
enhancing the image information based on a chosen threshold is always 
preferred. This research implements the mayfly optimization algorithm 
(MOA) based image multi-level-thresholding on a class of benchmark 
images of dimension 512x512x1. The MOA is a novel methodology with the 
algorithm phases, such as; i) Initialization, ii) Exploration with male-mayfly 
(MM), iii) Exploration with female-mayfly (FM), iv) Offspring generation 
and, v) Termination. This algorithm implements a strict two-step search 
procedure, in which every Mayfly is forced to attain the global best solution. 
The proposed research considers the threshold value from 2 to 5 and the 
superiority of the result is confirmed by computing the essential Image 
quality measures (IQM). The performance of MOA is also compared and 
validated against the other procedures, such as particle-swarm-optimization 
(PSO), bacterial foraging optimization (BFO), firefly-algorithm (FA), bat 
algorithm (BA), cuckoo search (CS) and moth-flame optimization (MFO) 
and the attained p-value of Wilcoxon rank test confirmed the superiority of 
the MOA compared with other algorithms considered in this work. 
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1. INTRODUCTION  

Recently, a considerable number of research works are proposed and implemented by the researches 
in various domains, in which the images recorded using a chosen procedure commonly; help to asses the 
essential information [1]-[5]. Image processing is emerged as one of the key research domains and widely 
adopted to process red, green, dan blue (RGB)/grayscale images with chosen methodologies [6]-[8]. Even 
though a considerable number of image processing approaches exist, the image multi-level thresholding 
(IMLT) is emerged as one of the vital methods to process various class images with assigned threshold 
values [9]-[12]. In most of the cases, the IMLT is considered to enhance the image texture/pixel information 
by grouping alike pixels based on the chosen thresholds. It can be implemented with recommended methods, 
such as Otsu, Kapur, Shannon and Tsallis with common values of preferred thresholds (T) as; 2-5 [13]-[18].  

From year 1979, Otsu is commonly employed to enhance the RGB/grey scale images based on the 
chosen threshold [19]. Due to its superiority, this approach is widely adopted to pre-process a class of 
medical images recorded with different modalities [20], [21]. The earlier works in literature also confirm the 
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need of Otsu’s thresholding for medical image examination using the machine-learning and deep-learning 
techniques [22], [23].  

The Otsu’s scheme is commonly used to enhance the test images based on the chosen threshold and 
it can be implemented with; i) Traditional and ii) Heuristic algorithm assisted techniques. In traditional 
method, a manual operator is allowed to perform a number of trials to vary the threshold of the image till the 
between-class-variance (BCV) is improved. In heuristic-algorithm method, a chosen computer algorithm is 
permitted to adjust the image threshold, till improved value of BCV is reached. Implementation of traditional 
work seems to be more complex for IMLT and hence, a class of heuristic algorithm-based methods are 
widely adopted in recent days than traditional thresholding [24]-[27]. 

The proposed work aims to demonstrate the IMLT operation using the recently developed approach 
named mayfly optimization algorithm (MOA) [28]. The MOA is proposed in 2020 by combining the best 
strategies in firefly-algorithm (FA), particle-swarm-optimization (PSO), and genetic-algorithm (GA). The 
MOA considers a multiple search strategy for the optimal solution using the artificial Mayflies with male and 
female category. Further, this algorithm also generated a couple of Mayflies (male and female) with an 
assigned velocity value of zero. Due to the multiple search practice existing in MOA, getting the finest result 
based on the assigned threshold becomes an easy task [29].  

In this work, the IMLT is implemented on well-known greyscale images with dimension 512x512x1 
pixels and the attained results are then compared against the original test image to compute the essential 
image-quality-parameters (IQP) [30]-[32]. The proposed work is implemented with T=2 to 5 and the 
obtained results as well as IQPs are tabulated. In order to minimize the search time, a bounded-threshold-
search (BTS) is employed, in which the threshold values with the lesser pixel distribution are discarded from 
the search. Other essential information regarding the BTS can be found in earlier work [20], [21]. In this 
approach, a threshold limit (Tmin and Tmax) is assigned during the search, which will help to attain a better 
result. Further, a multiple objective function (MOF) is also suggested with parameters, such as branch control 
valve (BCV), peak signal-to-noise ratio (PSNR) and structural-similarity-index-measure (SSIM); which helps 
to achieve an enhance result compared to the algorithm with single-objective-function (SOF). 

This work also considers the feature-similarity-index (FSI) [33] to test the eminence of the 
processed image. The performance of the proposed MOA is then validated against the other heuristic 
procedures, such as PSO [16], bacterial foraging optimization (BFO) [34], [35], FA [21], [36], bat algorithm 
(BA) [27], cuckoo search (CS) [7] and moth-flame optimization (MFO) [37], [38] existing in the literature 
and the performance of the MOA on the IMLT problem is validated using the p-value attained using the 
Wilcoxon rank test. The result attained with the proposed work confirms that, the MOA approach helps to 
achieve a better result on the considered test image compared to the alternative algorithms. 

 
 

2. RESEARCH METHOD 
The superiority of all the optimization process depends on the procedure implemented and this 

section of the research depicts the outcome attained with MOA. 
 

2.1.  Overview of proposed method 
The implementation of MOA assisted IMLT is depicted in Figure 1. The task is to find the optimal 

threshold based on the assigned threshold by maximizing the MOF. In this approach, the MOA is initialised 
with the essential parameters and allowed to find the optimal threshold for the chosen test picture. In this 
work, a BTS is implemented to attain a finest result with lesser iteration. The Otsu is considered as the 
methodology to enhance the image based on thresholds. The essential information on Otsu can be found in 
[39]. After attaining the result, a pixel wise comparison is performed between the original and processed 
image and the essential IQP are computed. This work is implemented with a MOF, which also helps to 
achieve a better threshold result for every image considered in this work. The entire operation works as a 
closed loop process and continued till the finest threshold is reached. After performing the essential 
operation, the attained results are compared and validated based on the computed IQP. 
 
2.2.  Benchmark image database 

A considerable number of RGB/grayscale images are available in the literature [40]-[42] and this 
work considered the commonly used benchmark images of dimension 512x512x1 for the experimental study. 
All these images will have their own pixel distribution, ranging from smooth to complex and the sample test 
images considered for investigation are depicted in Figure 2. Every image is considered for the assessment 
and for the demonstration, the result attained for Barbara, Lena (smooth pixel distribution) and Butterfly, Bee 
(complex pixel distribution) shown in Figure 3 is presented and discussed in this research.  
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Figure 1. Various stages of the proposed thresholding procedure 
 
 

 
 

Figure 2. Benchmark test images of dimension 512x512x1 
 
 

 
(a) (b) 

 
Figure 3. Images considered for investigation, (a) smooth pixel distribution, (b) complex pixel distribution 

 
 

2.3.  Mayfly optimization algorithm 
MOA is one of the recent population-based methods invented in 2020 [28], [29]. As per the earlier 

statement by the authors, the MOA is derived from the PSO and it combines all the major strengths in PSO, 
FA and GA. The concept of MFO consist the following operations; i) Initialization of equal number of male 
and female agents, ii) Allowing the male-Mayfly to identify the Gbest for the chosen task, iii) Allowing the 
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female-Mayfly to search and combine with male-Mayfly positioned at Gbest, iv) Offspring generation and v) 
Terminating the search and displaying the final result.  

The overall performance of the MOA depends on the initial position of the male and its attraction 
distance for the female. In this approach, when the agents are arbitrarily initialized in the search space with 
equal numbers of male and female agents; every Mayflies are allowed to converge towards the Gbest with 
increase in the convergence. This process will be stopped when equal numbers of offsprings is generated by 
every pair of agents. In order to terminate the process, every generated offsprings are assigned with a zero 
velocity, so that it cannot move further. The other essential information can be found in [28], [29] and its 
basic code can be accessed from [43].  

Figure 4 graphically depicts the working mechanism of the MOA with various stages, such as 
Figure 4(a) initialization, Figure 4(b) is identification of Gbest by male agent and Figure 4(c) depicts the 
movement of female toward the male and offspring generation. As the operations shown in Figure 4, the 
mathematical expression for the MOA is also have various phases and, in this work, the algorithm parameters 
considered in [28], [43] is adopted during the implementation. Further, this algorithm contains the basic 
operation of PSO and FA during the movement and every agent (Mayfly) location can be varied based on the 
position and velocity equation present in the earlier algorithms. 
 
 

 
(a) 

 

 
(b) 

 

 
(c) 

 
Figure 4. Various stages of the Mayfly algorithm, (a) initial Mayfly position, (b) first search by male-Mayfly, 

(c) final search by female-Mayfly 
 
 

Let there exists equal number of male (M) and female (F) Mayfly in a d-dimensional search location 
and the total number of agents (Mayflys) are depicted by i=1, 2…, N. (N=20 is assigned in this work). 
During the optimization search, each agent is randomly initialized in the search locality and every agent is 
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allowed to move towards the finest position (Gbest), when the iteration increases. As in Figure 4(b), the male 
is allowed to reach the Gbest by adjusting its position and velocity. The movement of the agent towards the 
final destination will be guided by the Cartesian distance and the increased iteration. This operation is similar 
to the FA discussed in [21]. The position and the velocity update equations are shown in (1) and (2); 
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where 𝑀𝑀𝑖𝑖

𝑡𝑡 and 𝑀𝑀𝑖𝑖
𝑡𝑡+1 are initial and modified positions, 𝑉𝑉𝑖𝑖𝑡𝑡+1and 𝑉𝑉𝑖𝑖,𝑗𝑗𝑡𝑡+1 initial and modified velocities 

respectively, personal learning parameter ( 1C ) =1, Personal learning parameter ( 2C )=1.5, β =2 and pD and 

gD are Cartesian distance. In (2) is framed by combining the FA and PSO values.  
When the updation continues based the progression in iterations, every male (M) will reach the 

bestG  and performs a velocity updation to attract the female (F) by performing a unique nuptial dance 
(moving up and down on a water surface). The velocity update during this process can be defined as; 

 

R*dt
j,iV1t

j,iV +=+  (3) 

 
where nuptial dance value (d)=5 and R= random numeral [-1], [1]. 

After the optimal search by male is completed, every female (F) is then allowed to identify a male, 
who is at bestG . Figure 4(c) depicts this process in which a female (F) may move towards the male based on 
the distance (𝐷𝐷𝑚𝑚𝑚𝑚) or it may escape to a new location using a random-walk (W=1) value. The mathematical 
expression for position and velocity update for F is depicted below, 
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where O = maximized objective value. 

When the iteration increases, every F will reach the appropriate M and the offspring generation take 
place as depicted in Figure 4(c). In the MOA, the number of offsprings is equal to the combined M and F. 
Hence, every mating will result in a M and F offspring with an initial velocity value of Zero. For the IMLT 
problem, only the search performance of M and F alone considered and the search by the offspring is ignored 
by nullifying its initial velocity operator. From the above discussed equations, it is clear that, the proposed 
MOA is formed by combining the finest features of the FA, PSO and FA. Other related information can be 
obtained from [28], [29]. 
 
2.4.  Objective function 

The overall performance of the proposed optimization task depends on the chosen objective value 
and in this work maximization problem is considered based on (6); 

 
SSIM*3wPSNR*2wBCV*1wOMaximize ++==  (6) 

 
where 1w1 = , 5.0ww 32 ==  

The (6) presents a weighted sum of objective function with various weights. In this work, BCV is 
given the higher priority and PSNR and SSIM are given with equal priorities. The task of the MOA is to 
explore the bounded threshold value and identify the finest threshold combination, which provides the Omax. 
Other related information regarding the weighted sum of MOF can be found in [20]. 
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2.5.  Image-quality-parameters 
Assessment of attained IQP is essential to confirm the performance of the image processing 

approach. In this work, the well-known IQPs, such as RMSE, PSNR, SSIM, NAE, NCC, AD and SC are 
considered. The other image quality measure called the feature similarity index (FSIM) [33] is also adopted 
in this work to confirm the eminence of the proposed work. The mathematical expression for the considered 
IQPs can be found in [44], [45]. 

 
2.6.  Other algorithms 

To validate the performance of th MOA, the well-known heuristic methods, such as PSO, BFO, BA, 
FA, CS and MFO is considered and the performance of these methods are validated by computing the 
attained Otsu’s BCV, convergence rate and the Wilcoxon rank test. Following algorithm parameters are 
commonly assigned for each algorithm; number of agents=20, search dimension = T (ie. T=2 to 5), maximum 
iterations 3000 and the stopping criteria=maximal iteration or optimized result. For each image, five trials are 
implemented with each T and the image which gives the finest IQP is considered as the threshold image. 
Other essential information regarding the implementation of the algorithms for IMLT problem can be found 
in [44]-[47]. 
 
 
3. RESULTS AND DISCUSSION 

This section presents the experimental results and its discussions. All the experimental investigation 
is implemented using MATLAB and the performance of the proposed technique is confirmed using the  
p-value attained with the Wilcoxon test. Every image considered for the investigation is initially explored and 
a threshold’s search boundary is assigned with a minimum (Tmin) and maximum (Tmax) value and the MOA 
is then allowed to explore the threshold boundary to find the finest threshold. The sample threshold boundary 
assigned for the Barbara picture is depicted in Figure 5. In this work, the optimization process will help to 
find the threshold by considering; Tmin<Threshold values<Tmax. The MOA is initialized with the 
parameters as discussed in section 2.3 and the results attained for assigned thresholds is depicted in Figure 6 
along with the optimal threshold attained. 

 
 

 
 

Figure 5. Fixing the threshold bound based on the pixel level  
 
 

From Figure 6(a) to 6(d) depicts the results attained with a chosen thresholds and this image 
confirms that; based on the threshold value, the quality and the information content of the image varies 
considerably. This picture also depicts the value of the SSIM-Map, which confirms that the proposed method 
helps to attain a better result with the proposed methodology. Similar methodology is implemented for other 
images and the results attained are clearly shown in Figure 7 for thresholds T=2 to 5. After collecting the 
necessary multi-threshold images, a comparative assessment is then implemented between the original image 
and the processed image and the essential IQP depicted in Table 1 is computed. The result of this table 
confirms that, when the threshold level increases, the prime parameters, such as PSNR, SSIM, FSIM and 
NCC improves and other parameters, such as root mean squared error (RMSE), NAE, AD and single crochet 
(SC) decreases. 
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Figure 6. Threshoding result attained for Barbara image 
 
 

 
 

Figure 7. Result achieved for the test images for, (a) T=2, (b) T=3, (c) T=4, (d) T=5 
 
 

Table 1. Obtained IQP with the MOA assisted IMLT 
Image T RMSE PSNR (dB) SSIM FSIM NAE NCC AD SC 

Barbara 2 66.5404 11.6691 0.4039 0.6810 0.4982 0.5753 58.4805 2.4114 
3 42.4767 15.5678 0.6188 0.7944 0.3147 0.7397 36.9470 1.7037 
4 35.1747 17.2062 0.6833 0.8424 0.2627 0.7982 30.8337 1.4919 
5 29.0461 18.8690 0.7396 0.8750 0.2108 0.8411 24.7486 1.3652 

Lena 2 59.3301 12.6653 0.3741 0.6522 0.5142 0.5551 50.9274 2.5684 
3 42.5805 15.5466 0.5474 0.7378 0.3760 0.6924 37.2422 1.8919 
4 30.2674 18.5113 0.6832 0.8123 0.2664 0.7833 26.3905 1.5644 
5 23.8777 20.5709 0.7549 0.8639 0.2087 0.8326 20.6731 1.4075 

Butterfly 2 72.5970 10.9124 0.3524 0.6482 0.5506 0.5367 64.2889 2.4104 
3 51.5077 13.8934 0.5421 0.7280 0.3710 0.7052 43.3262 1.7175 
4 36.6788 16.8425 0.6877 0.7905 0.2512 0.7994 29.3309 1.4576 
5 37.3619 16.6822 0.6920 0.8157 0.2423 0.8261 28.2901 1.3466 

Bee 2 66.8159 11.6332 0.2958 0.7053 0.5787 0.5269 61.0084 2.6202 
3 46.2543 14.8278 0.4953 0.8108 0.3949 0.7032 41.6302 1.7747 
4 40.2562 16.0342 0.5551 0.8491 0.3338 0.7680 35.1849 1.5268 
5 34.3427 17.4141 0.6372 0.8493 0.2746 0.7980 28.9472 1.4651 
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Figure 8 depicts the maximal value of Orsu’s BCV obtained for Barbara image for T=5 and this 
figure also depicts the convergence of the algorithm towards the optimal value. The MOA helps to attain a 
maximized BCV compared to other methods. Further, the MOA shows a better and steady convergence 
towards the maximized BCV. This confirms that the search performance of MOA is good compared to other 
methods considered in this research. The statistical significance of the MOA with respect to other methods is 
validated using the Wilcoxon rank test and the attained results are depicted in Table 2. This test is to evaluate 
the IMLT performance of the MOA with other considered methods and the presented result confirms that the 
p-value attained by this test is <0.05, which confirms the performance of the MOA is better on the considered 
thresholding problem [48]. 
 
 

 
 

Figure 8. Comparison of the search traces made by heuristic algorithms for Barbara image with T=5 
 
 

Table 2. Performance validation of MOA with other methods using Wilcoxon rank test 
Algorithm  p-value 

MOA versus PSO 0.0015 
MOA versus BFO 1.014E-7 
MOA versus FA 0.0027 
MOA versus BA 2.0816E-6 
MOA versus CS 0.0836E-7 

MOA versus MFO 3.0197E-8 
 
 
4. CONCLUSION 

This research implements a MOA based IMLT for a class of benchmark grayscale images using a 
novel objective function. The MOA helps to achieve an optimal result due to a two-level search process and 
provides better contrast to PSO and FA existing in the literature. In this work, the IMLT is implemented for 
T=2 to 5 and for exch case, five trials are implemented and the best result among the trials considered as the 
optimized result. After getting the processed image, a pixel level comparison with the original test image is 
then performed and the essential IQPs are computed. The obtained result of this study confirms that the 
proposed approach helps to get better outcome for various thresholds. Further, the optimization search 
convergence by MOA is better compared to other algorithms considered in this research. Finally, a statistical 
confirmation with Wilcoxon rank test is then performed to justify the performance of MOA compared to 
other heuristic algorithms on the chosen IMLT problem. In future, the MOA can be considered to identify the 
finest thresholds for RGB images and the images corrupted with noise. 

 
 

ACKNOWLEDGEMENTS 
This work was supported by the Soonchunhyang University Research Fund. 

 
 
REFERENCES 
[1] S. Yassine, S. Kadry, and M. Sicilia, "A framework for learning analytics in moodle for assessing course 

outcomes," IEEE Global Engineering Education Conf., 2016, pp. 261-266, doi: 10.1109/EDUCON.2016.7474563. 



                ISSN: 2088-8708 

Int J Elec & Comp Eng, Vol. 11, No. 6, December 2021 :  5420 - 5429 

5428 

[2] B. Muthu et al., "IOT based wearable sensor for diseases prediction and symptom analysis in healthcare 
sector," Peer-to-peer networking and applications, vol. 13, pp. 2123-2134, Jan. 2020, doi: 10.1007/s12083-019-
00823-2. 

[3] R. Priya, V. Ranganathan, S. Kadry, R. Damaševičius, and T. Blažauskas, "An image encryption scheme based on 
block scrambling, modified zigzag transformation and key generation using enhanced logistic-Tent map," Entropy, 
vol. 21, no. 7, p. 656, 2019, doi: 10.3390/e21070656. 

[4] N. Yaqoob, M. Gulistan, S. Kadry, and H. A. Wahab, "Complex intuitionistic fuzzy graphs with application in 
cellular network provider companies," Mathematics, vol 7, no. 1, p. 35, 2019, doi: 10.3390/math7010035. 

[5] M. Anbarasan et al., "Detection of flood disaster system based on IoT, big data and convolutional deep neural 
network," Computer Communications, vol. 150, pp. 150-157, Jan. 2020, doi: 10.1016/j.comcom.2019.11.022. 

[6] A. Ahilan et al., "Segmentation by Fractional Order Darwinian Particle Swarm Optimization Based Multilevel 
Thresholding and Improved Lossless Prediction Based Compression Algorithm for Medical Images," in IEEE 
Access, vol. 7, pp. 89570-89580, 2019, doi: 10.1109/ACCESS.2019.2891632. 

[7] V. Rajinikanth, N. S. M. Raja, and S. C. Satapathy, "Robust color image multi-thresholding using between-class 
variance and cuckoo search algorithm," In Information systems design and intelligent applications, Springer, New 
Delhi, vol. 433, pp. 379-386, 2016, doi: 10.1007/978-81-322-2755-7_40. 

[8] V. Rajinikanth, S. C. Satapathy, N. Dey, and R. Vijayarajan, "DWT-PCA image fusion technique to improve 
segmentation accuracy in brain tumor analysis," in Microelectronics, electromagnetics and telecommunications, 
Springer, Singapore, vol. 471, pp. 453-462, 2018, doi: 10.1007/978-981-10-7329-8_46. 

[9] K. Sekaran, P. Chandana, N. M. Krishna, and S. Kadry, "Deep learning convolutional neural network (CNN) with 
Gaussian mixture model for predicting pancreatic cancer," Multimedia Tools and Applications, vol. 79, no. 15,  
pp. 10233-10247, 2020, doi: 10.1007/s11042-019-7419-5. 

[10] F. Kulakov, S. Kadry, G. Alferov, and A. Sharlay, "Bilateral remote control over space manipulators," in AIP 
Conference Proceedings, AIP Publishing LLC, vol. 2040, no. 1, 2018, doi: 10.1063/1.5079218. 

[11] Y. Wang et al., "Morphological segmentation analysis and texture-based support vector machines classification on 
mice liver fibrosis microscopic images," Current Bioinformatics, vol. 14, no. 4, pp. 282-294, 2019,  
doi: 10.2174/1574893614666190304125221. 

[12] T. D. V. Shree, K. Revanth, N. S. M. Raja, and V. Rajinikanth, "A hybrid image processing approach to examine 
abnormality in retinal optic disc," Procedia Computer Science, vol. 125, pp. 157-164, 2018,  
doi: 10.1016/j.procs.2017.12.022. 

[13] V. S. Lakshmi, S. G. Tebby, D. Shriranjani, and V. Rajinikanth, "Chaotic cuckoo search and Kapur/Tsallis 
approach in segmentation of T. Cruzi from blood smear images," International Journal of Computer Science and 
Information Security (IJCSIS), vol. 14, pp. 51-56, 2016.  

[14] V. Rajinikanth, K. P. Thanaraj, S. C. Satapathy, S. L. Fernandes, and N. Dey, "Shannon’s entropy and watershed 
algorithm-based technique to inspect ischemic stroke wound," in Smart intelligent computing and applications, 
Springer, Singapore, vol. 105, pp. 23-31, 2019, doi: 10.1007/978-981-13-1927-3_3. 

[15] R. Roufayel and S. Kadry, "Expression of miR-23a by apoptotic regulators in human cancer: A review," Cancer 
biology & therapy, vol. 18, no. 5, pp. 269-276, 2017, doi: 10.1080/15384047.2017.1310342. 

[16] V. Rajinikanth, N. S. M. Raja, and K. Latha, "Optimal multilevel image thresholding: An analysis with PSO and 
BFO algorithms," Australian Journal of Basic and Applied Sciences, vol. 8, no. 9, pp. 443-454, 2014. 

[17] F. Hazzaa and S. Kadry, "New system of E-voting using fingerprint," International Journal of Emerging 
Technology and Advanced Engineering, vol. 2, no. 10, pp. 355-363, 2012. 

[18] S. L. Fernandes, U. J. Tanik, V. Rajinikanth, and K. A. Karthik, "A reliable framework for accurate brain image 
examination and treatment planning based on early diagnosis support for clinicians," Neural Computing and 
Applications, vol. 32, no. 20, pp. 15897-15908, 2020, doi: 10.1007/s00521-019-04369-5. 

[19] N. Otsu, "A threshold selection method from gray-level histograms," IEEE transactions on systems, man, and 
cybernetics, vol. 9, no. 1, pp. 62-66, 1979, doi: 10.1109/TSMC.1979.4310076. 

[20] V. Rajinikanth and M. S. Couceiro, "Optimal multilevel image threshold selection using a novel objective 
function," In Information Systems Design and Intelligent Applications, Springer, New Delhi, vol. 340, pp. 177-186, 
2015, doi: 10.1007/978-81-322-2247-7_19. 

[21] N. S. M. Raja, V. Rajinikanth, and K. Latha, "Otsu based optimal multilevel image thresholding using firefly 
algorithm," Modelling and Simulation in Engineering, vol. 2014, 2014, doi: 10.1155/2014/794574. 

[22] M. Sharif, M. A. Khan, Z. Iqbal, M. F. Azam, M. I. U. Lali, and M. Y. Javed, "Detection and classification of citrus 
diseases in agriculture based on optimized weighted segmentation and feature selection," Computers and 
electronics in agriculture, vol. 150, pp. 220-234, Jul. 2018, doi: 10.1016/j.compag.2018.04.023. 

[23] S. L. Fernandes, V. Rajinikanth, and S. Kadry, "A Hybrid Framework to Evaluate Breast Abnormality Using 
Infrared Thermal Images," in IEEE Consumer Electronics Magazine, vol. 8, no. 5, pp. 31-36, Sep. 2019,  
doi: 10.1109/MCE.2019.2923926. 

[24] N. S. M. Raja, K. S. Manic, and V. Rajinikanth, "Firefly algorithm with various randomization parameters: An 
analysis," in International Conference on Swarm, Evolutionary, and Memetic Computing, Springer, Cham,  
vol. 8297, 2013, pp. 110-121, doi: 10.1007/978-3-319-03753-0_11. 

[25] I. T. Roopini, M. Vasanthi, V. Rajinikanth, M. Rekha, and M. Sangeetha, "Segmentation of tumor from brain MRI 
using fuzzy entropy and distance regularised level set," in Computational Signal Processing and Analysis, 
Springer, Singapore, vol 490, pp. 297-304, 2018, doi: 10.1007/978-981-10-8354-9_27. 



Int J Elec & Comp Eng  ISSN: 2088-8708  
 

Image multi-level-thresholding with Mayfly optimization (Seifedine Kadry) 

5429 

[26] D. Shriranjani, S. G. Tebby, S. C. Satapathy, N. Dey, and V. Rajinikanth, "Kapur’s entropy and active contour-
based segmentation and analysis of retinal optic disc," in Computational Signal Processing and Analysis, Springer, 
Singapore, vol. 490, pp. 287-295, 2018, doi: 10.1007/978-981-10-8354-9_26. 

[27] S. C. Satapathy, N. S. M. Raja, V. Rajinikanth, A. S. Ashour, and N. Dey, "Multi-level image thresholding using 
Otsu and chaotic bat algorithm," Neural Computing and Applications, vol. 29, no. 12, pp. 1285-1307, 2018,  
doi: 10.1007/s00521-016-2645-5. 

[28] K. Zervoudakis and T. Stelios, "A mayfly optimization algorithm," Computers & Industrial Engineering, vol. 145, 
p. 106559, 2020, doi: 10.1016/j.cie.2020.106559. 

[29] T. Bhattacharyya, B. Chatterjee, P. K. Singh, J. H. Yoon, Z. W. Geem, and R. Sarkar, "Mayfly in Harmony: A New 
Hybrid Meta-Heuristic Feature Selection Algorithm," in IEEE Access, vol. 8, pp. 195929-195945, 2020,  
doi: 10.1109/ACCESS.2020.3031718. 

[30] Z. Wang, A. C. Bovik, H. R. Sheikh, and E. P. Simoncelli, "Image quality assessment: from error visibility to 
structural similarity," in IEEE Transactions on Image Processing, vol. 13, no. 4, pp. 600-612, Apr. 2004,  
doi: 10.1109/TIP.2003.819861. 

[31] A. Horé and D. Ziou, "Image Quality Metrics: PSNR vs. SSIM," 2010 20th International Conference on Pattern 
Recognition, 2010, pp. 2366-2369, doi: 10.1109/ICPR.2010.579. 

[32] D. Zhao et al., "Chaotic random spare ant colony optimization for multi-threshold image segmentation of 2D Kapur 
entropy," Knowledge-Based Systems, vol. 216, Mar. 2020, Art. no. 106510, doi: 10.1016/j.knosys.2020.106510. 

[33] L. Zhang, L. Zhang, X. Mou, and D. Zhang, "FSIM: A Feature Similarity Index for Image Quality Assessment," in 
IEEE Transactions on Image Processing, vol. 20, no. 8, pp. 2378-2386, Aug. 2011,  
doi: 10.1109/TIP.2011.2109730. 

[34] N. S. M. Raja and V. Rajinikanth, "Brownian distribution guided bacterial foraging algorithm for controller design 
problem," in ICT and Critical Infrastructure: Proceedings of the 48th Annual Convention of Computer Society of 
India-Vol I, Springer, Cham, vol. 248, 2014, pp. 141-148, doi: 10.1007/978-3-319-03107-1_17. 

[35] V. Rajinikanth and K. Latha, "Bacterial foraging optimization algorithm based PID controller tuning for time 
delayed unstable system," The Mediterranean Journal of Measurement and Control, vol. 7, no. 1, pp. 197-203, 
2011. 

[36] V. Rajinikanth and M. S. Couceiro, "RGB histogram-based color image segmentation using firefly 
algorithm," Procedia Computer Science, vol. 46, pp. 1449-1457, 2015, doi: 10.1016/j.procs.2015.02.064. 

[37] S. Mirjalili, "Moth-flame optimization algorithm: A novel nature-inspired heuristic paradigm," Knowledge-based 
systems, vol. 89, pp. 228-249, Nov. 2015, doi: 10.1016/j.knosys.2015.07.006. 

[38] V. Jaiswal, V. Sharma, and S. Varma, "MMFO: Modified moth flame optimization algorithm for region based RGB 
color image segmentation," International Journal of Electrical and Computer Engineering (IJECE), vol. 10, no. 1, 
pp. 2088-8708, Feb. 2020, doi: 10.11591/ijece.v10i1.pp196-201. 

[39] K. Saddami, K. Munadi, Y. Away, and F. Arnia, "Improvement of binarization performance using local Otsu 
thresholding," International Journal of Electrical and Computer Engineering (IJECE), vol. 9, no. 1, pp. 264-272, 
2019, doi: 10.11591/ijece.v9i1.pp264-272. 

[40] F. J. Estrada and A. D. Jepson, "Benchmarking image segmentation algorithms," International journal of computer 
vision, vol. 85, no. 2, pp. 167-181, 2009, doi: 10.1007/s11263-009-0251-z. 

[41] "Berkeley Segmentation Dataset: Images", 2003. Accessed on Nov 20, 2020. [Online]. Available: 
https://www2.eecs.berkeley.edu/Research/Projects/CS/vision/bsds/BSDS300/html/dataset/images.html 

[42] "Dataset of Standard 512x512 Grayscale Test Images", 2020. Accessed on Nov 20, 2020. [Online]. Available: 
http://decsai.ugr.es/cvg/CG/base.htm  

[43] K. Zervoudakis and S. Tsafarakis, "Mayfly optimization Algorithm-Matlab code," Mendeley Data, vol. 1, 2020, 
doi: 10.17632/5w58s8hhz2.1. 

[44] A. K. Bhandari, "A novel beta differential evolution algorithm-based fast multilevel thresholding for color image 
segmentation," Neural Computing and Applications, vol. 32, no. 9, pp. 4583-4613, 2020, doi: 10.1007/s00521-018-
3771-z. 

[45] M. Abd El Aziz, A. A. Ewees, and A. E. Hassanien, "Whale optimization algorithm and moth-flame optimization 
for multilevel thresholding image segmentation," Expert Systems with Applications, vol. 83, pp. 242-256,  
Oct. 2017, doi: 10.1016/j.eswa.2017.04.023. 

[46] M. Abd El Aziz, A. A. Ewees, A. E. Hassanien, M. Mudhsh, and S. Xiong, "Multi-objective whale optimization 
algorithm for multilevel thresholding segmentation," in Advances in soft computing and machine learning in image 
processing, Springer, Cham, vol. 730, pp. 23-39, 2018, doi: 10.1007/978-3-319-63754-9_2. 

[47] M. Abd El Aziz, D. Oliva, A. E. Ewees, and S. Xiong, "Multi-level thresholding-based grey scale image 
segmentation using multi-objective multi-verse optimizer," Expert Systems with Applications, vol. 125,  
pp. 112-129, Jul. 2019, doi: 10.1016/j.eswa.2019.01.047. 

[48] S. J. Mousavirad and H. Ebrahimpour-Komleh, "Multilevel image thresholding using entropy of histogram and 
recently developed population-based metaheuristic algorithms," Evolutionary Intelligence, vol. 10, no. 1-2,  
pp. 45-75, 2017, doi: 10.1007/s12065-017-0152-y. 
 

 


