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Abstract

Multilevel thresholding is one of the most common, straightforward, and effective image segmentation algorithms.
The most important issue in this method is choosing an appropriate threshold value. In such a way that by defining
worthy thresholds, the image can be more accurately segmented. The Otsu approach is suitable for establishing the
thresholds at two levels, but as the number of thresholds increases, the performance of Otsu diminishes in terms
of time and segmentation accuracy. On the other hand, optimization techniques can be effective to address these
challenges. As a result, it is used with optimization techniques to improve time and segmentation accuracy. In this
paper, we propose an improved grasshopper optimization approach to enhance the quality of the segmented image
and its accuracy. In the proposed method, multilevel thresholding image segmentation is performed by employing
the Otsu method as an objective function. This research aims to enhance the grasshopper algorithm to improve
image segmentation outcomes. For this purpose, various modifications were applied to the grasshopper method. The
proposed algorithm is evaluated on some known images and compared with several optimization algorithms. The
resultant modified grasshopper method outperforms other evolutionary algorithms like Whale, Firefly, and Artificial
Bee Colony (ABC) optimization algorithms. The proposed IGOA algorithm outperforms other approaches at PSNR
metric for threshold levels of 32 and 64 for 87.5% and 100% of images, respectively. Additionally, at SSIM metric, for
both threshold levels of 32 and 64, it overcomes other approaches for 100% of images.
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1 Introduction

Image segmentation is a fundamental core and a pre-processing step in image processing where it is utilized in many
computer vision tasks such as region proposal generation [1], object detection [2], image captioning understanding [3],
and image medical analysis [4, 5, 6]. This technique divides an image into several non-overlapping regions. Here,
a tag is allocated to each pixel in the segmented image, and the pixels with the same tag have similar attributes
and features. In terms of color, brightness, or texture, all pixels in each region are identical whereas the adjacent
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regions are different from each other. In other words, image segmentation is able to separate object regions from the
background. Various approaches can be used for image segmentation directly or indirectly. For example, sparse coding
[7], and image thresholding [8] can be directly employed for image segmentation. Other ideas can be indirectly applied
to image segmentation such as game theory [9, 10], meta-heuristic algorithms [11], and category learning [12, 13].

Image thresholding is a popular, simplest, and most effective image segmentation technique. The main aim of
the threshold-based segmentation algorithms is to find an acceptable threshold value. This technique is categorized
into two types, including single-level and multilevel thresholding. The single-level thresholding is a technique for
splitting the pixels of an image using only one threshold. The obtained result is a binary image. However, this
technique is not suitable for gray and color image segmentation. When the pixels of an image are clustered using
multiple thresholds, it’s referred to as a multilevel thresholding method. The image is divided into several classes.
Multilevel thresholding is more accurate than a single-level one in terms of segmenting the image and representing
more information about objects. In sum, choosing a single threshold or multiple thresholds is the most significant
challenge in image segmentation. While appropriate thresholds are selected for image segmentation, high accuracy,
and more precisely segmented regions are provided. However, in a multilevel thresholding problem, the complexity
of threshold determination time and the time required to compute image segmentation are very challenging. Briefly,
achieving the appropriate thresholds in multilevel thresholding is a difficult task. Therefore, multilevel thresholding
is an attractive topic for many researchers nowadays.

A practical approach in the single-level thresholding techniques is to use the histogram of the image. This approach
segments the image based on the distribution of the pixels. Here, the pixels that have values greater than the threshold
are assigned to an identical label, and the rest pixels are considered the background. The histogram-based approaches
are more efficient and accurate compared to other image segmentation techniques since they examine the pixels only
once. The histogram is computed from all image pixels, and the peaks and valleys in the histogram curve are used
to find the classes. In contrast, the multilevel thresholding technique based on the histogram is inefficient due to
both the complexity of computation and the difficulty of implementation. The Otsu method [14] is one of the most
well-known histogram-based methods that divides a binary image into two levels black and white by choosing an
optimal threshold by maximizing the class variance. In summary, single-level thresholding is usually an easy process,
with the threshold located at the bottom of the histogram between the two peaks. The Otsu method for multilevel
thresholding is more complex. In fact, the computational time expands considerably with the number of thresholds,
and hence, it is inefficient. Totally, all these methods are based on traditional exhaustive methods which are inefficient
in terms of computation. Therefore, a careful implementation of the optimization algorithm is essential to obtain the
optimal solution in adequate time. Meta-heuristic methods are widely used to find multilevel thresholds. As a result,
these methods have attracted considerable attention from researchers.

It is important to note that Optimization algorithms are powerful tools used to find the best solution to a given
problem within a specified set of constraints. In other words, optimization algorithms reduce the time for solving a
problem and discovering the optimal solution out of a vast number of options. Each optimization algorithm is an
adaptive model out of various models from different domains, each with its cost function (objective function, fitness
function, evaluation function). In the context of multilevel thresholding, these algorithms aim to determine the optimal
threshold values that maximize a certain objective function. In fact, the multilevel thresholding segmentation can
be resolved using a combination of the Otsu method and the optimization algorithms [15, 16, 17, 18]. A significant
advantage of this approach is to reduce the computation time. Moreover, they can explore a large search space and
predict near-optimal solutions even for complex problems. Other advantages include flexibility and efficiency. In some
cases, combining optimization algorithms with Otsu’s method can provide advantages. For example, an optimization
algorithm could be used to find multiple threshold values, while Otsu’s method could be used to refine the initial
estimates. This approach can be particularly useful for images with complex intensity distributions or multiple distinct
objects. Many studies are now investigating the effectiveness of meta-heuristic techniques to overcome the limitations
and hard optimization problems such as Otsu. For instance, genetic algorithm [19], particle swarm optimization [16],
cuckoo search [20], and flower pollination algorithm [21] are used to optimize the targeted criteria.

This study investigates the Otsu method as an objective function to determine the optimal thresholds for the
optimization algorithms such as the Grasshopper [22] , Artificial Bee Colony [23], Firefly [24] , and Whale [25]
optimization algorithms. Furthermore, an improved version of the grasshopper algorithm is presented in the present
study. The grasshopper optimization algorithm is a meta-heuristic optimization algorithm that was presented in 2017
[22] inspired by the social behavior of grasshopper insects in nature. This algorithm has attracted the attention of
many researchers due to its simplicity, efficiency, scalability, and high power in solving various optimization problems.
Additionally, the improved version of GOA can enhance exploration capabilities and effectively address complex
problems with multiple local optima. Experimental results have shown that the accuracy of the segmentation method
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and the quality of the segmented image are enhanced by the proposed method.

The purpose of this paper is mainly to improve the segmentation accuracy by combining the optimization and
Otsu algorithms. An improved version of the grasshopper algorithm is given in this study. The proposed strategy
enhances the accuracy of the segmentation process and the quality of the segmented image. The main contributions of
this paper are (1) to propose an enhanced version of the grasshopper algorithm which can assist us in achieving more
precise solutions in the multilevel thresholding method, (2) to evaluate the proposed algorithm based on increasing the
number of thresholds, (3) to compare the proposed algorithm with several optimization algorithms, and the proposed
algorithm outperforms them all.

The present paper is structured as follows: In Section 2, a summary of some of the studies in the field of image
segmentation is given. The proposed method is provided and evaluated in Section 3 and Section 4, respectively.
Finally, Section 5 concludes the paper and points to future studies.

2 Research Background

In this section, we give a brief description of the existing works in multilevel thresholding image segmentation. To
overcome the high computation time, a multilevel thresholding image segmentation was proposed based on the honey
bee mating algorithm and cooperative learning [26]. The population initialization strategy of the method is led to be
more efficient.

El Aziz et al. introduced a multilevel thresholding technique based on the Firefly algorithm for minimizing the
entropy difference between the original image and the segmented image, which has promising image quality and
accuracy [27]. Ishak [28] suggested a two-dimensional multilevel thresholding method for gray image segmentation
utilizing quantum genetic optimization techniques, evolutionary differences, and a particular objective function to
discover multiple thresholds. Naidu et al. [29] utilized the firefly optimization algorithm for image segmentation. This
optimization is performed by maximizing Shannon or fuzzy entropy.

The authors in [30] used a multilevel search-based thresholding algorithm in 2019 for image segmentation. They
employ Kapur’s entropy and Otsu techniques with increasing class variance for determining and finding multilevel
thresholds. The obtained results indicated the supremacy of the method compared to different algorithms such as
firefly, particle swarm optimization, and genetic algorithm. A state transition algorithm (STA) is employed to select
the optimal parameters of the fitting function based on the normalized histogram of the image [31]. To further enhance
the segmentation performance, a denoising process is also accomplished after image segmentation. The best thresholds
are found by minimizing the overall probability error. The method has shown a good achievement in assessing natural
and medical images.

In 2018, Kotte et al. proposed a new multilevel thresholding approach, namely improved differential search (IDS)
[32]. Applying the effective objective function, including Otsu and Kapur’s entropy, this program selects the best
thresholds. The computations are satisfactory, and the segmented image’s quality is acceptable. In the work introduced
by [33], a multi-level thresholding method was proposed using the improved slime mold algorithm (ASMA) in which
sma is combined with an artificial bee colony (ABC). The authors performed a comparative experiment between
ASMA and 11 other algorithms using 30 test functions. The experimental results have shown that ASMA has been
able to provide high-quality solutions and almost does not suffer from premature convergence.

A multi-objective threshold image segmentation method based on the boost marine predator algorithm (BMPA)
was proposed for infrared image error detection using the Kapoor evaluation function [34]. This method uses adaptive
weights and opposition-based learning to strengthen MPA optimization and multi-objective problems. Furthermore,
electrical equipment in infrared images is used to evaluate the error detection ability of the relevant method.

A multilevel thresholding method, namely the improved Slime Mould Algorithm (DASMA), was proposed by
Zhao et al. [35]. The method is threefold: the diffusion mechanism is utilized to increase the population’s diversity
and to prevent falling into local optima. After finding the optimal solution, the algorithm is employed for Renyi’s
entropy multilevel threshold image segmentation. The target data set is CT images. In [36] a multi-level thresholding
method for color images was proposed which uses a combination of two algorithms, including the whale optimization
algorithm (WOA) and the local minima avoidance method (LMAM). It should be noted that the Otsu method is
used as the objective function. In the study [37], a multi-level thresholding method is performed using an improved
Chimp optimization algorithm (IChOA) on thermographic images. Opposition-based learning (OBL) is used in IChOA
to increase its population diversity in the search space, and Lévy flight is employed to increase IChOA utilization.
Chaotic enhanced Rao (CER) algorithm is developed using chaos theory to determine multiple threshold values. The
advantages of the algorithm are simplicity with less complexity [38]. Recently, a new method based on combining
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Algorithm 1: Pseudo code of the grasshopper optimization algorithm
Input: Image histogram
Output: Optimal thresholds
MaxIter=100, Iter=1

01. Initialize the population of Grasshoppers
02. Define GOA variables and objective function
03. Evaluate the fitness of each grasshopper and select the best solution
04. While Iter ≤ MaxIter
05. Update C1 and C2
06. For each grasshopper do
07. Calculate the objective function
08. Update the grasshoppers’ position
09. Bring current grasshopper back if it goes outside the boundaries
10. End For
11. Iter=Iter+1
12. End While
13. Return the best threshold

arithmetic optimization algorithm and Harris Hawks optimizer is introduced to improve exploitation phase [39]. It
was used for multilevel thresholding image segmentation and indicated better quality than meta-heuristic methods.

3 Proposed Method

The proposed algorithm, namely the improved grasshopper optimization algorithm (IGOA) is explained in more
detail in this section. As mentioned before, in optimization techniques, the objective function is extremely important.
Therefore, it is essential to be carefully and accurately designed. The objective function should be constructed to
get the best solution as quickly as possible and avoid getting stuck in the local minimum. The Otsu method is
used as the objective function in meta-heuristic algorithms to find the optimal thresholds in images to improve the
image segmentation performance in terms of increasing segmentation accuracy and increasing segmentation quality.
The Grasshopper optimization algorithm is briefly described in 3.1, while the proposed approach is described in 3.2.
Subsection 3.3 and 3.4 describe computational complexity and generalization of the GOA, respectively. Then, we
explain applications og IGOA in more detail.

3.1 Grasshopper optimization algorithm

In the GOA, each grasshopper represents a possible solution to an optimization problem. Grasshoppers move in a
space and update their position based on the positions of other grasshoppers and the best solution found so far. This
movement is similar to the movement of grasshoppers in nature when searching for food or shelter. There are two
types of relationships between grasshoppers as follows: social attraction and social repulsion. This social attraction
causes grasshoppers to move towards promising areas while This social repulsion causes grasshoppers to explore the
search space thoroughly. The Grasshopper algorithm starts the optimization with a random set of solutions to find
the most optimal response in the search space and to achieve global optimization. Each Grasshopper is defined as a
k-vector up to get the optimal thresholds, where up is the vector of the defined thresholds:

u⃗p = (t1, ....tk) subject to 0 < t1 < ... < tk < H (3.1)

In the present study, the thresholds chosen by each Grasshopper are randomly determined in the range [Vmax, Vmin].
Notice that two values Vmax and Vmin are upper bound and lower bound for each search agent, respectively. In Eq.
(3.1), H represents the maximum gray region. Each search agent updates its position. The status update is repeated
until the termination conditions are satisfied. Finally, the position and the value of the best target, i.e., the optimal
threshold, are the outputs of the best approximation to the global optimum. Algorithm. 1 shows the steps of
determining the optimal threshold values by GOA in this study.
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3.2 Improved grasshopper optimization algorithm (IGOA)

The optimization algorithms determine the value of the optimal thresholds or the position of the search agents
in determining multilevel threshold image segmentation. Each meta-heuristic algorithm considers a number of agents
that find the ideal thresholds over the number of iterations. Each search factor decides the threshold’s location in
the search space. In this paper, the search space is the same as the image histogram and the k is the number of the
searched thresholds.

In this study, the objective function selects the best thresholds by maximizing within-class variance. According to
Eq. (3.2), the initial image M is classified into k + 1 classes using the optimal k thresholds.

C1 = {p(i, j) ∈ M | Imin ≤ p(i, j) ≤ t1 − 1}
C2 = {p(i, j) ∈ M | t1 ≤ p(i, j) ≤ t2 − 1}

Ck = {p(i, j) ∈ M | tk−1 ≤ p(i, j) ≤ tk − 1}
Ck+1 = {p(i, j) ∈ M | tk ≤ p(i, j) ≤ Imax − 1}

(3.2)

Based on Eq. (3.2), p(i, j) is the pixel value of the matrix M in row i and column j. Two values Imin and Imax are
the minimum and maximum pixel brightness in the M matrix, respectively and t1, t2, tk and tk+1 are the corresponding
thresholds, C1, C2, Ck and Ck+1 are the classes belonging to each image. The threshold tk is obtained by maximizing
the objective function F (t1, ..., tk) as given in Eq. (3.3).

t1, ..., tk = max
t1,...,tk

F (t1, ..., tk) (3.3)

The image histogram containing the component Np is presumed to be the required search space. The image pixels
at different locations are classified into their specific groups based on the intended thresholds according to select
appropriate thresholds by the optimization process. The number of the variables defined for each search factor (the
number of each search factor’s dimensions) is equal to the number of the searched thresholds, as indicated in the
corresponding algorithms. We perform the following modifications.

� In this study, a constant O = 0.75 was added to GOA to improve its efficiency.

� We adjusted the GOA equations in the learning phase to enhance the balance between the exploration and
exploitation phases:

C1 = C
ubd − lbd

2
(3.4)

C1 = log|
N∑
j=1

C(3
ubd − lbd

2
)| (3.5)

C2 = C1 +O (3.6)

where, ubd and lbd are the upper and lower bounds of the search space, respectively. We replace Eq. (3.5) with Eq.
(3.4) and insert a constant value to C2. We utilize Eq. (3.12) to solve the optimization problem based on ([22]).
We inserted a constant value f to compute function s according to Eq. (3.10) and Eq. (3.11) where this function
defines the strength of social forces. In the following, Eq. (3.7) shows the distance between the i-grasshopper and
the j-th grasshopper. In addition, the distance function dij has been modified by dividing the dij using a logarithmic
expression called c3 that is computed by Eq. (3.8) and ( 3.9). Lastly, the value of Xd is obtained by Eq. (3.12) where

Xd is the location of the grasshopper in the d-dimension. In Eq. (3.12, T̂D shows the value of the Dth dimension in
the target as the best solution found so far. More information has been presented in ([22]).

dij = |xj − xi| (3.7)

c3 = log|2K + f + c1| (3.8)
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dij = |xj − xi|/c3 (3.9)

s(r) = f × e(−r/l) − e−r (3.10)

s(r) = f × e(−r/l) − e−r + f (3.11)

Xd
i = c(

n∑
j=1

c
ubd − lbd

2
s(|Xd

j −Xd
i |)

xj − xi

dij
+ T̂D) (3.12)

The IGOA proposed is utilized the log function. The logarithm is used for the logarithmic derivative process
converting products into sums. This function is useful because the functions to optimize are usually products with
exponential, and detection of the extrema requires differentiation. Finally, the sum statement is more manageable as
the factors are complex.

Notice that the inner c contributes to the decrease of repulsion/attraction forces between grasshoppers related
to the number of iterations, as the outer c moderates the search converges around the target as the iteration count
increases. Authors [22] suggested a random behavior by applying random coefficients to both terms in Eq.(3.12).

3.3 Computational complexity

To compute computational complexity, important parameters such as the number of population (N ) and the
problem dimension (D) are considered. The GOA is executed by the steps including: parameters definition, initial
position of grasshoppers definition, objective function computation, the grasshopper position updating, and repetition
of these steps until the stopping condition. Based on these steps, the complexity can be computed by multiplying the
number of iterations (identified by T), dimension, and population. Therefore it can be written as O(N ×D × T ).

3.4 Generalization

The Grasshopper Optimization Algorithm (GOA), while a promising meta-heuristic optimization technique, has
certain limitations that it is essential consider. For the generalization of GOA, there are limitations described as follows:
The GOA may require carefully tuning parameters to achieve optimal performance for specific problem domains. This
can be time-consuming and may limit its generalization to a wide range of problems. Moreover, the GOA can get
trapped in local optima. And it can prevent finding the global optimum solution. This is particularly problematic for
complex and multimodal problems.

In addition, in some cases, GOA may converge prematurely, leading to suboptimal solutions. This can occur when
the search agents become too concentrated in a particular region of the search space. The performance of GOA is
sensitive to the values of its parameters, such as the population size, convergence criterion, and shape factor. Improper
parameter settings can significantly impact the algorithm’s effectiveness.

3.5 Application

The Improved Grasshopper Optimization Algorithm (IGOA) has shown promise in various applications. While
its performance can vary depending on specific problem characteristics, there are several cases where IGOA has been
generally shown to significantly outperform other methods: IGOA’s efficient search strategy and reduced computational
overhead can handle large-scale problems more effectively than other algorithms. It can handle constraints efficiently,
therefore; it can be beneficial in real applications. Likewise, it is able to adapt to changing environments and it
is suitable for dynamic optimization problems like self-driving [40]. Moreover, the IGOA can adjust to changing
environments which can be beneficial for real-time applications where conditions may vary. Also, the IGOA can be
effectively combined with deep learning techniques for real-time image processing tasks, such as video segmentation
or medical imaging. The IGOA can be used to tune the hyper-parameters of a deep learning model for real-time
foreground-background segmentation in videos. The IGOA can be used to optimize the parameters of an object
tracking algorithm based on a neural network such as skin segmentation for tracking in video [41] while real-time
image processing requires low latency, and IGOA can help to optimize the models for efficiency. Briefly, IGOA’s
enhanced exploration capabilities, efficient search strategy, ability to handle constraints, adaptability to dynamic
environments. Moreover, the advantage of robustness to noise can be particularly improves these processes.
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4 Analysis of the results

We perform two sets of experiments to assess the proposed IGOA for the multilevel thresholding image segmentation
method. In the first experiment, the suggested approach is evaluated for several images using various criteria. For this
purpose, the evaluation criteria are presented, then the results are given and discussed. The second set of experiments
is to compare our method with other optimization algorithms including, WOA, GOA, ABC, and Firefly. In this
section, the proposed method is evaluated and compared in terms of the processing time, the Peak Signal to Noise
Ratio (PSNR), and the Structural Similarity Index Measure (SSIM) for each algorithm on each image (on average,
over 30 runs). The algorithms are implemented for different thresholds such as 2, 3, 4, and 5. We also evaluated
the proposed method for large values equal to 32, and 64. Fig. 1 depicts the corresponding set of the gray images
used in this evaluation. The method proposed in this paper was simulated in MATLAB 2018b and implemented on a
Windows-64bit environment on a laptop having Core2.

Figure 1: Set of images for evaluation

4.1 Processing time

We compute the processing time for all images in different levels and all optimization algorithms based on 30 runs.
Table. 1 indicates the execution time for several selected images for Firefly, WOA, ABC, GOA, and IGOA algorithms.
The highest run time is for the IGOA algorithm. As shown in Table 1, the execution time is increased when a high
value is considered for the number of threshold levels. On the other hand, the shortest runtime is related to WOA for
different thresholds. Furthermore, ABC has a high level of complexity, and it took more time than WOA and GOA.

Table 1: Average execution time for some images in seconds

Image K Firefly WOA ABC GOA IGOA Image K Firefly WOA ABC GOA IGOA

Lena

2 3.1652 0.2337 3.4495 2.2587 3.5871

Lake

2 3.0544 0.2071 3.0058 2.1361 3.5142
3 3.3193 0.2994 3.5676 2.4826 5.0314 3 3.3382 0.3367 3.2933 2.8908 5.1778
4 3.5842 0.3315 3.6504 3.3409 6.0672 4 4.0382 0.9933 3.8713 3.4964 6.4226
5 3.7367 0.7261 4.2059 4.3324 6.4857 5 4.1204 0.4185 3.2553 4.7529 6.8016

Peppers

2 3.0344 0.3152 3.5041 1.9509 3.9068

Coins

2 5.9684 0.5514 2.6313 1.9531 3.8885
3 3.3320 0.3251 3.6251 2.8041 5.0718 3 3.5470 0.5754 3.1512 2.4752 4.2662
4 3.7983 0.3352 3.6422 3.3897 6.4633 4 4.0806 0.7894 3.8425 3.36 5.1475
5 3.9905 0.5241 3.8355 4.5614 7.1261 5 8.9785 0.7699 4.6845 4.200 8.1093

Cameraman

2 2.9407 0.5142 3.7974 2.32 3.7353

Cityscape

2 3.6524 0.7625 2.6323 0.7698 0.9875
3 3.3299 0.3845 3.6149 2.2652 4.2348 3 4.6332 0.9685 3.2511 3.1754 3.9748
4 3.7581 0.6524 4.0702 3.3898 6.0239 4 4.2674 0.3678 3.6426 4.3285 4.7124
5 4.2065 0.3910 3.7991 4.4063 6.8016 5 5.2387 1.9874 4.6843 5.9125 6.2987

4.2 Structural similarity index measure

SSIM is a metric for measuring the perceptual quality of the image. The closer to 1, the more the representation
resembles the original image. The SSIM value for image A and image Á with size, M × N is calculated using the
following equation ([26]).

SSIM(A, Á) =
(2µ1µS + c1)(2σ1,S + c2)

(µ2
1 + µ2

S + c1)(σ2
1 + σ2

S + c2)
(4.1)
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where µ1 and µS denote the mean density of image A and image Á. Two parameters σ1 and σS , respectively, indicate
the standard deviation of image A and image Á , σ1,S indicates the covariance between image A and segmented image

Á, and c1 and c2 as two fixed values equal to 6.50 and 58.52, respectively ([26]).

The average SSIM values of the individual segments for some thresholds are illustrated in Table. 2. As seen in
Table. 2, in most images, the IGOA algorithm outperforms other algorithms for various thresholds. Although it does
not converge too quickly, it achieves a better and more precise optimal response.

Table 2: Average SSIM values for different images and algorithms during 30 runs

Image K Firefly WOA ABC GOA IGOA Image K Firefly WOA ABC GOA IGOA

Lena

2 0.7012 0.6969 0.6841 0.7063 0.7192

Lake

2 0.6724 0.6711 0.6722 0.6736 0.6783
3 0.7073 0.6473 0.6412 0.7178 0.7182 3 0.6658 0.6552 0.6084 0.6681 0.6692
4 0.7569 0.6969 0.6821 0.7538 0.7541 4 0.6812 0.6812 0.5719 0.6810 0.6821
5 0.7138 0.7338 0.7132 0.6754 0.7400 5 0.6814 0.6852 0.6082 0.6879 0.7228

Peppers

2 0.7156 0.7156 0.7115 0.7123 0.7154

Shapes

2 0.8259 0.8269 0.8125 0.8249 0.8259
3 0.6832 0.6832 0.6842 0.6975 0.7016 3 0.8150 0.8079 0.8058 0.8121 0.8211
4 0.6681 0.6681 0.6885 0.6982 0.7212 4 0.8169 0.7417 0.8035 0.8183 0.8295
5 0.6721 0.7180 0.6847 0.6719 0.7396 5 0.8275 0.8211 0.8175 0.8249 0.8296

Airplane

2 0.8257 0.8267 0.8132 0.8264 0.8275

Coins

2 0.8464 0.8596 0.7948 0.8480 0.8491
3 0.8030 0.8022 0.7865 0.8014 0.8096 3 0.8180 0.8078 0.7912 0.8064 0.8102
4 0.8087 0.8536 0.7882 0.7935 0.8441 4 0.8053 0.7858 0.7925 0.7915 0.8090
5 0.8283 0.8022 0.8065 0.8193 0.8372 5 0.7980 0.8116 0.7932 0.7922 0.8641

Baboon

2 0.7536 0.7468 0.7425 0.7548 0.7548

Cityscape

2 0.8445 0.8445 0.8514 0.8515 0.8575
3 0.7011 0.6957 0.6945 0.7075 0.7573 3 0.7548 0.7585 0.7536 0.7568 0.7586
4 0.7168 0.7168 0.7211 0.7214 0.7388 4 0.8325 0.8327 0.8345 0.8352 0.8364
5 0.6976 0.6895 0.6859 0.6986 0.7101 5 0.8325 0.8375 0.8364 0.8376 0.8398

Cameraman

2 0.7812 0.7632 0.7821 0.7874 0.7991

Indian

2 0.8346 0.8312 0.8324 0.8419 0.8429
3 0.7710 0.7116 0.4739 0.7774 0.7791 3 0.8348 0.8445 0.8465 0.8412 0.8472
4 0.7812 0.7812 0.7886 0.7923 0.7974 4 0.8431 0.8362 0.8511 0.8631 0.8647
5 0.7813 0.7059 0.7582 0.7864 0.7872 5 0.8511 0.8557 0.8625 0.8627 0.8782

4.3 Image quality

PSNR is to evaluate image quality and the PSNR depends on the mean square error (MSE). For image A and
image Á with size m × n, the PSNR value per dB unit is calculated using Eq. (4.2) and Eq. (4.3):

MSE =
1

M ×N

M−1∑
i=0

N−1∑
j=0

(A(i, j)− Á(i, j))2 (4.2)

PSNR = 10 log10 (
2552

MSE
) (4.3)

When the PSNR value is equal to infinity (inf), the image equals the original image. Therefore, the high values of
PSNR represent high image quality ([26]). The average PSNR values indicate different ranges for all the thresholds
and the corresponding algorithms during 30 runs as summarized in Table. 3. The PSNR value of IGOA is superior to
other algorithms for most images, as can be observed in Table. 3.

In addition, Fig. 2 , 3, and 4 show the results of the implementation of five WOA, GOA, IGOA, ABC, and Firefly
algorithms for different threshold levels based on the proposed method for several test images.

To further evaluate our method, we select two large values for the number of thresholding levels. All results
for SSIM and PSNR are shown in Table. 4 and Table. 5. Obviously, the IGOA algorithm shows promising results
compared to other algorithms.

To sum up, the obtained results demonstrated that the IGOA algorithm is practical for multilevel thresholding
segmentation for most of the threshold numbers. Although the WOA algorithm has been fast in our experiments, it
shows less performance in other metrics for most of the test images.

4.4 Summary and Future Work

Lastly, it is important to point out how to extend the proposed method in new applications and utilize effective
deep learning techniques. The Improved Grasshopper Optimization Algorithm (IGOA) can be effectively combined
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Table 3: Average PSNR values for different images and algorithms during 30 runs

Image K Firefly WOA ABC GOA IGOA Image K Firefly WOA ABC GOA IGOA

Lena

2 22.86 22.95 21.35 22.97 22.99

Lake

2 21.21 22.16 21.35 22.17 22.17
3 21.37 20.07 21.42 21.34 21.69 3 20.63 20.42 20.25 20.79 21.17
4 23.85 23.02 22.37 23.14 23.22 4 20.12 22.25 19.56 20.18 21.66
5 20.21 20.43 20.14 20.24 21.66 5 20.32 20.43 20.78 21.49 21.95

Peppers

2 22.78 22.82 22.82 22.77 22.82

Shapes

2 27.76 27.88 26.65 27.85 27.87
3 21.02 20.55 20.55 22.15 22.25 3 26.01 25.37 24.39 25.81 27.28
4 21.59 23.76 19.60 21.67 23.52 4 27.18 28.52 25.43 27.51 28.25
5 20.90 20.75 23.58 20.95 22.97 5 27.96 28.66 27.81 28.33 28.54

Airplane

2 24.98 24.98 23.98 24.97 24.99

Coins

2 25.78 26.05 22.65 25.85 25.91
3 23.44 23.30 23.30 23.29 23.83 3 24.47 24.51 22.65 24.84 24.95
4 24.48 25.83 22.54 23.56 25.56 4 24.16 23.79 22.37 24.02 24.97
5 24.97 23.30 23.30 24.16 25.68 5 26.37 24.59 23.69 24.15 26.57

Baboon

2 24.01 20.57 20.55 24.27 24.28

Cityscape

2 21.29 21.64 20.56 21.43 21.98
3 24.29 22.90 21.90 22.80 25.46 3 21.63 21.72 20.36 21.46 21.64
4 23.43 24.61 20.65 23.09 23.75 4 22.36 25.75 22.75 22.85 23.68
5 22.71 25.63 21.42 22.31 22.72 5 22.75 22.77 23.65 22.52 23.96

Cameraman

2 24.24 23.39 23.23 24.37 24.39

Indian

2 20.36 20.36 20.87 22.67 22.75
3 21.53 20.27 20.42 21.08 21.11 3 20.12 21.24 21.69 21.75 22.65
4 21.42 20.45 20.25 21.44 21.55 4 19.82 23.72 20.78 20.63 21.95
5 21.51 20.84 20.30 21.26 21.52 5 20.74 20.36 20.91 20.85 21.67

Figure 2: Segmented Lena image based on different algorithms and several values of K

Table 4: Average SSIM values for different images and algorithms during 30 runs for K=32 and K=64

Image K Firefly WOA ABC GOA IGOA Image K Firefly WOA ABC GOA IGOA

Lena
32 0.8045 0.7230 0.7264 0.8046 0.9113

Lake
32 0.8261 0.8436 0.7823 0.8483 0.8617

64 0.9380 0.8157 0.8512 0.9470 0.9481 64 0.9169 0.9125 0.8320 0.9193 0.9707

Peppers
32 0.8285 0.8378 0.8286 0.8371 0.8745

Shapes
32 0.8469 0.8196 0.8397 0.8400 0.9440

64 0.8715 0.7952 0.8658 0.8668 0.9357 64 0.8602 0.8226 0.8367 0.8443 0.8983

Airplane
32 0.8611 0.8542 0.8542 0.8635 0.9017

Coins
32 0.9651 0.8978 0.9537 0.9638 0.9707

64 0.9222 0.8542 0.9158 0.9249 0.9311 64 0.9639 0.9407 0.9610 0.9660 0.9850

Baboon
32 0.8694 0.8786 0.8796 0.8840 0.9289

Cityscape
32 0.9376 0.9387 0.9398 0.9404 0.9412

64 0.9458 0.928 0.9435 0.9463 0.9808 64 0.9638 0.9652 0.9675 0.9675 0.9682

Cameraman
32 0.8560 0.8112 0.8837 0.8504 0.8999

Indian
32 0.9287 0.9225 0.9332 0.9453 0.9556

64 0.8563 0.8514 0.8628 0.8673 0.9251 64 0.9222 0.9367 0.9628 0.9742 0.9784

with deep learning techniques for various image processing techniques. They can complement each other effectively
in hybrid segmentation approaches, leveraging their respective strengths to achieve superior results. Generally, the
IGOA is able to explore the search space effectively and therefore, it can be effective to identify optimal parameters
for deep learning models. In addition, IGOA can be employed to tune hyper-parameters such as learning rates, batch
sizes, and network architectures to improve model performance. It can be utilized to select powerful features from
hyperspectral images, reducing computational complexity and improving segmentation accuracy. These suggestions
can be implemented and tested in separate studies in the future.
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Figure 3: Segmented Peppers image based on different algorithms and several values of K

Figure 4: Segmented Cameraman image based on different algorithms and several values of K

Table 5: Average PSNR values for different images and algorithms during 30 runs for K=32 and K=64

Image K Firefly WOA ABC GOA IGOA Image K Firefly WOA ABC GOA IGOA

Lena
32 22.03 24.42 21.69 22.93 31.92

Lake
32 26.38 24.86 25.69 28.42 26.66

64 36.21 24.83 32.63 36.23 36.31 64 36.12 25.82 30.63 32.53 37.19

Peppers
32 24.79 27.43 26.58 27.93 28.97

Shapes
32 32.21 28.64 26.39 27.29 36.95

64 27.10 23.26 26.69 27.66 34.48 64 34.72 27.07 28.36 29.80 34.98

Airplane
32 25.64 24.36 24.64 25.96 28.69

Coins
32 36.93 28.39 28.72 35.34 37.36

64 31.80 25.55 30.65 31.34 32.52 64 39.55 31.03 32.36 35.72 40.74

Baboon
32 21.88 28.37 20.36 21.73 31.23

Cityscape
32 25.11 25.96 25.62 25.29 29.68

64 30.33 31.38 29.68 31.41 39.02 64 26.36 32.65 25.36 36.53 39.86

Cameraman
32 28.01 26.55 23.83 23.68 29.57

Indian
32 13.88 23.85 22.85 23.67 27.75

64 31.28 23.24 26.65 26.41 32.99 64 25.93 31.65 24.12 35.63 38.36

5 Conclusion

Image segmentation is an important pre-processing technique for many computer vision applications. This paper
proposed an improved grasshopper optimization algorithm (IGOA) for multilevel thresholding image segmentation.
The proposed method considers the Otsu method as the objective function. The accuracy of the segmentation
algorithm was increased by the proposed approach based on SSIM and PSNR metrics. Additionally, we evaluated the
proposed method for high values of the number of the level thresholds such as 32 and 64. The experimental results
confirm that the proposed algorithm outperforms WOA, ABC, GOA, and Firefly evolutionary algorithms. In the
future, deep learning-based segmentation techniques and comparisons can be investigated.
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