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1. Introduction 
The main goal of image stitching or photo stitching is to combine two photographic images to 

produce a segmented panorama or high-resolution image. Image stitching is image registration, which 

means identifying overlapping areas of the image to be spliced and then determining the transformation 

relationship [1], [2]. These points are detected using two techniques: manual and automatic. The manual 

point-selection technique introduces errors when applied to multiple images or videos. On the other 

hand, the automatic technique outperforms the manual technique [3]. There are several automatic image 

feature extraction methods, for example, Harris [4], features from accelerated segment test (FAST) [5], 

scale invariant feature transform (SIFT) [6]–[8], speed-up robust features (SURF) [9]–[15] and 

compared with the SIFT and SURF feature extraction algorithms [1], [16], [17], have been fundamental 

research topics in the field. 

     Hao et al. [18] propose a robust stitching algorithm for fisheye images by combining traditional 

image processing techniques with deep learning. Saleem [19] presents a new MLESAC-based estimator 

that is compared with RANSAC for estimating the fundamental matrix to define the epipolar geometry 

for image stitching. Mo et al. [20] present a stitching method on Deep Feature in hyperspectral images 

(HSIs) captured by UAV. Lin et al. [21] proposed an automatic method that incorporates DBSCAN for 
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 Image stitching to generate panoramic or composite images. This research 

proposes improved parameters for the fundamental matrix in the standard 

SURF method via multi-objective optimization. This paper compares three 
metaheuristic algorithms (MOWOA, MOGWO, MOGA) and evaluates their 
performance using the hypervolume indicator (HV). The optimal points were 

selected from non-dominated solutions using the MCDM and the weighted-

sum method (WSM). There were two objective functions: 1) minimum of 

image subtraction and 2) minimum of histogram. The MOWOA is superior to 

the other. This approach significantly reduces stitching errors and improves 

performance by 24.48% over standard SURF. The proposed multi-objective 

optimization of fundamental matrix parameters significantly enhances SURF-

based image stitching by reducing alignment and blending errors, resulting in 

smoother, more coherent panoramic or composite images. This is achieved by 

leveraging superior metaheuristic performance, particularly from MOWOA, 

which outperforms other algorithms. This approach increases stitching 

robustness and accuracy, making it highly valuable for real-world applications 

such as mapping, surveillance, and visual reconstruction. 
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clustering 3D point cloud maps, which is essential for navigation and localization in Autonomous Mobile 

Robots. Wu et al. [22] used image Stitching for Soil organic matter (SOM). In other previous studies, 

image stitching often requires complex mathematical models. The estimation of the fundamental matrix 

in the standard SURF method using the Random Sample Consensus (RANSAC) technique. The results 

of generating panoramic or composite images are not smooth, which is an interesting topic in this 

research.  

    This paper presents improved parameters of the fundamental matrix in the standard SURF 

method using a meta-heuristic algorithm [23], [24] which is a popular technique because of its 

simplicity. This work also proposes a multi-objective optimization [25], [26] to reduce the difference 

and continuity between the original image and the generated panoramic or composite images. Two 

objective functions were employed: minimum image subtraction for analyzing image-stitching 

differences and the minimum histogram for evaluating image continuity, excluding noise sources such 

as image size, resolution, and illumination in this experiment. We compared multi-objective 

metaheuristics (MOMHs) [27] for the optimal design of the fundamental matrix parameters in the 

standard SURF method. The optimizers used three algorithms: Multi-objective Whale Optimization 

Algorithm (MOWOA) [25], [28]–[35], Multi-objective Grey Wolf Optimizer (MOGWO) [36]–[41], 

and Multi-Objective Genetic Algorithm (MOGA) [42]–[49]. The program was developed in MATLAB. 

The non-dominated solution was used to find the Pareto front. The performance of various optimizers 

was compared using the hypervolume (HV) indicator [27]. The minimal weighted sum (MWS) method 

was used to select the optimal point on the Pareto front. Therefore, this research aims to enhance 

SURF's stitching efficiency using multi-objective optimization techniques. This paper compares three 

metaheuristic algorithms (MOWOA, MOGWO, MOGA) and evaluates their performance using the 

hypervolume indicator and WSM. 

      This paper begins with an introduction, followed by the method, which includes image stitching, 

and the numerical simulation is explained in Section 2. The experimental results and discussion are 

shown in Section 3. Finally, the conclusion is made in Section 4. 

2. Method 

2.1. Image Stitching 
In this section, we describe how to stitch two or more images into a single larger image, as shown in 

Fig. 1. Feature-based image stitching technology is widely used because it offers high time efficiency, 

maximum matching accuracy, and good robustness [1].  

Image1 Image2

Feature Point

Feature Point Matching

Fundamental Matrix

Comparison meta-heuristic 
optimization

Image fusion
 

Fig. 1. The process of image panoramic 
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This paper stitches two images using the Speeded Up Robust Features (SURF) method. It can be 

divided into four steps: feature point extraction, feature point matching, determination of the 

transformation relationship, and image fusion. The purpose of modifying the fundamental matrix is to 

define the epipolar geometry by an optimization method. We compare multi-objective meta-heuristics 

for the optimum design of a basic matrix on SURF. The optimizers use three algorithms: MOWOA, 

MOGWO, and MOGA. The MOWOA and MOGWO algorithms are similar in that they mimic the 

natural behavior of animals. MOGA is a widely used algorithm for comparison with other algorithms. 

Three algorithms have not yet been applied to the analysis of panoramic images. 

2.2. Transformation Relationship 
Before image fusion, the relationship between two or more images with different transformations is 

called epipolar geometry. The relation that links the scenes with different modifications is named the 

fundamental matrix [3]. The initial transformation matrix or fundamental matrix [1]. The image 

transformation matrix has eight parameters; these parameters represent the picture of the scale variable, 

rotation, and horizontal and vertical displacement (which gives the details about the entire 

transformation of an image with eight unknowns); see (1) [50]. It is an iterative method to estimate 

parameters of a mathematical model by Random Sample Consensus (RANSAC) method is derived as in 

(1). 

�
𝑥𝑥′
𝑦𝑦′
1
� = �

ℎ1 ℎ2 ℎ3
ℎ4 ℎ5 ℎ6
ℎ7 ℎ8 1

� �
𝑥𝑥
𝑦𝑦
1
�  (1) 

where 1 8,...,h h  represent parameters of the transformation matrix. Given a point (𝑥𝑥,𝑦𝑦) in an image and a new 
point (𝑥𝑥,𝑦𝑦) after the multiplication by the transformation matrix, respectively. 

2.3. Process and results of SURF 
In this part, we use an image of Phu Ruea National Park, Loei Province, Thailand, for the image-

stitching experiment using the standard Speeded-Up Robust Features (SURF) method. Image 1, as 

shown in Fig.2(a) has a resolution of 1,107 × 604 pixels in JPG format with a file size of 258 KB, while 

Image 2 (Fig. 2(c)) has a resolution of 767 × 754 pixels in JPG format with a file size of 197 KB. Before 

feature extraction, both images were converted to grayscale, as shown in Fig. 2(b) and Fig. 2(d).  

(a) Image 1 

(b) Image 1 in grey 

mode 

(c) Image 2 (d) Image 2 in grey mode 

Fig. 2. The Phu Ruea National Park 

In the next step, SURF key points were detected independently in both images the feature point for 

image 1 and image 2, as shown in Fig. 3. These keypoints were then matched based on descriptor 

similarity to establish point correspondences between the two images, as presented in Fig. 4. Finally, the 

parameters of the fundamental matrix in standard SURF were calculated by the RANSAC method, 

shown in Table 1, and moved image 2, as shown in Fig. 5. The results of generate panoramic or 

composite image is distorted, the sky lines are not aligned, and the letters cannot be combined. 
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Fig. 3. The feature points for Image 1 and Image 2 

 

Fig. 4. The feature point matching for Image 1 and 

Image 2 

 

To estimate the geometric relationship between the images, the fundamental (transformation) matrix 

was computed using the Random Sample Consensus (RANSAC) algorithm to eliminate outliers and 

retain robust matches. The resulting transformation matrix parameters obtained from the standard 

SURF approach are listed in Table 1.  

Table 1.  The Parameter of the Transformation Matrix of SURF 

Parameter value 

 

0.8484 

 

-0.4743 

 

0 

 

0.6741 

 

0.7181 

 

0 

 

153.1096 

 

468.2344 

 

Based on this transformation, Image 2 was geometrically aligned and translated relative to Image 1, 

as shown in Fig. 5(a), and subsequently stitched to form a composite image (Fig. 5b).  

 

(a)  Move image 2 

 

(b)  Stitch image 2 to image 1 

Fig. 5. Stitching two images by the SURF method 
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However, the final panoramic result exhibits noticeable distortions. Specifically, the skyline is 

misaligned, and the text regions do not merge seamlessly. These artifacts indicate that the standard 

SURF-based transformation, despite successful feature detection and matching, is insufficient to account 

for perspective variations and complex scene geometry in this dataset, resulting in suboptimal stitching 

quality. 

2.3.1. Numerical Simulation 

The numerical simulation presents a step-by-step procedure for implementing the proposed 

numerical simulation, which is outlined as follows: 

Step 1: Define the epipolar geometry to relate two 2D images.  

Step 2: Determining the fundamental matrix by the Speeded-Up Robust Features (SURF) 

technique. 

Step 3: Calculate two objective functions. 

Step 4: Process of meta-heuristic optimization Algorithm of Multi-objective by MOWOA,  

MOGWO, and MOGA techniques.  

Step 5: The performance comparison meta-heuristic optimization based on the hypervolume (HV) 

Step 6: Select the best Pareto archive from the best optimization algorithm of Multi-objective using 

the weighted sum method (WSM). 

Step 7: Return the best of the Pareto archive and the designed variables for experiments in image 

stitching. 

2.3.1.1. Multi-objective of image stitching 

Multi-objective optimization is a design approach for determining the optimal point. For a problem 

with more than one objective function, there is more than one optimal solution. The traditional 

combination of these results is called a set of Pareto-optimal solutions, or a Pareto front, viewed in the 

objective-function domain. A typical mathematical formulation of multi-objective optimization is given 

in (2). 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀: 𝐹𝐹(𝑥𝑥) = {𝑓𝑓1(𝑥𝑥), 𝑓𝑓2(𝑥𝑥), … , 𝑓𝑓𝑜𝑜(𝑥𝑥)}  (2) 

constraint to:               

𝑔𝑔𝑖𝑖(𝑥𝑥) ≤ 0, 𝑖𝑖 = 1, … ,𝑚𝑚   
ℎ𝑖𝑖(𝑥𝑥) = 0, 𝑖𝑖 = 1, … ,𝑚𝑚   
𝐿𝐿𝑖𝑖 ≤ 𝑥𝑥𝑖𝑖 ≤ 𝑈𝑈𝑖𝑖 , 𝑖𝑖 = 1, … ,𝑛𝑛    (3) 

where 𝑥𝑥 and  𝑓𝑓𝑖𝑖  represent the design variable and objective functions, respectively. 𝑓𝑓𝑜𝑜(𝑥𝑥) represents the 

objective functions. Function 𝑔𝑔𝑖𝑖(𝑥𝑥) and ℎ𝑖𝑖(𝑥𝑥) are the inequality and equality constraints, while 𝐿𝐿𝑖𝑖 and 

𝑈𝑈𝑖𝑖  are lower and upper bound constraints. Parameters 𝑚𝑚, 𝑖𝑖 and 𝑛𝑛 are a number of variables and 𝑜𝑜 is the 

number of objective functions. 

2.3.1.2. Objective functions 

The designed parameter of the transformation matrix for solving the problem in this study. The 

designed variable of 8 parameter (ℎ1, … , ℎ8) and ℎ3, ℎ6 is 0 value all time, see (4). There are two objective 

functions: the minimum image subtraction to reduce the difference between the original image and the 

generated panoramic or composite images, and the minimum histogram for continuity between the 

original image and the generated panoramic or composite images, without noise such as image size, 

resolution, light, etc., for this experiment. However, in the future, there may be further experiments in 

the case of indoor, aerial, and distorted image differences. Details can be described as follows.  

𝑥𝑥 = [ℎ1 ℎ2 …ℎ8]  (4)  
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• Minimum of image subtraction. The difference image is an image processing technique that results 

in image subtraction from a calculated value of grayscale in the original image, subtracted from the 

value of grayscale in the generated panoramic images, and the objective function presented in. 

𝑓𝑓1 = 𝑚𝑚𝑚𝑚𝑚𝑚∑ (|𝑓𝑓(𝑥𝑥,𝑦𝑦) − ℎ(𝑥𝑥,𝑦𝑦)|)𝑝𝑝=𝑚𝑚𝑚𝑚𝑚𝑚∑
𝑝𝑝=1    (5) 

when 1, ( , ), ( , )f f x y h x y  represent the first objective function; the grayscale values in the original 

image and in the generated panoramic images have a resolution of 1,107x604 pixels, corresponding 

to 668,628 positions, respectively.  

 
• Minimum of histogram. In this work, the difference histogram is a technique for evaluating the 

continuity of an image and a popular method for image contrast enhancement, and the objective 

function is presented in (6). 

𝑓𝑓2 = 𝑚𝑚𝑚𝑚𝑚𝑚∑ (|𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑥𝑥,𝑦𝑦)𝑔𝑔=1
𝑔𝑔=0 − ℎ𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑥𝑥,𝑦𝑦|)  (6) 

when 𝑓𝑓2, 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑥𝑥,𝑦𝑦), ℎ𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑥𝑥,𝑦𝑦) represent the second objective function, the value of grayscale in 

the original image, and the value of grayscale (0-1) in generated panoramic images. 

2.3.1.3. Numerical experiment 

This investigation is conducted using MATLAB software, and the setup is shown in section 3.1. For 

each test system, 4  independent runs for each optimizer were operated, and a comparative study of 

multi-objective meta-heuristics (MOMHs) for optimum design of image stitching. 

2.3.1.4. Non-Dominated solutions 

To solve multi-objective problems, the non-dominated solutions are identified, and the Pareto 

archive is employed. The step-by-step procedure for the implementation of the proposed algorithm is 

outlined below [27]: 

Step 1: Initialize the population of the design variable vector of the transformation relationship by the 

RANSAC method, shown in Table 1. The designed variable of 8 parameters ( 1 8,...,h h
) and 3 6,h h

is 0 

value all the time. 

𝐻𝐻 = �

ℎ1
ℎ2
⋮
ℎ𝑛𝑛

�

⎣
⎢
⎢
⎡
ℎ1,1 ⋯ ℎ1,8
ℎ2,1 ⋯ ℎ2,8
⋮

ℎ𝑛𝑛,1

⋯
⋯

⋮
ℎ𝑛𝑛,8⎦

⎥
⎥
⎤
  (7) 

when 1 2 4 6,h h h h− −  are the values range ± 0.1, 7 8,h h  are the values range ± 5 and 3 6,h h
are 0. The 

subscript n  is the population size or number of search agents.   

Step 2: Evaluate the fitness evaluation of a design variable vector. For the two objectives 1 2,f f
 and the 

vector solution, F is a feasible solution in the inequality constraints. 

𝐹𝐹(𝑄𝑄) = �

𝑓𝑓1(ℎ1) 𝑓𝑓2(ℎ1)
𝑓𝑓1(ℎ2) 𝑓𝑓2(ℎ2)
⋮

𝑓𝑓1(ℎ2)
⋮

𝑓𝑓2(ℎ𝑛𝑛)

�  (8) 

Step 3: Determine the non-dominated solution (NS) as shown in Fig. 6. They store and update a set of 

non-dominated solutions in the Pareto archive (P). 

 
 



ISSN 2442-6571 International Journal of Advances in Intelligent Informatics 725 

 Vol. 11, No. 4, November 2025, pp. 719-733 

 

 Sanprasit et al. (Multi-objective optimization algorithm for improving the efficiency of speeded up …) 

 
 

                                                      
Fig. 6. Non-dominated solutions. 

Step 4: Select the best solution from the Pareto archive using the roulette wheel technique and grid 

mechanism.  

Step 5: Update the best solution. If there are better solutions, then the next generation is generated. 

Step 6: Repeat steps 1 to 5 until a termination criterion is met. 

2.3.1.5. Hypervolume 

The hypervolume is the volume (for 3D) or area (for 2D) covered by non-dominated solutions and 

measured for a defined reference point (as shown in Fig. 7), which can be calculated as follows [27]: 

  𝐻𝐻𝐻𝐻 = ∑ 𝑉𝑉𝑉𝑉𝑛𝑛
𝑖𝑖=1   ������ (9) 

where 𝐻𝐻𝐻𝐻 is hypervolume, 𝑉𝑉𝑖𝑖 is the volume or area of a hypercube, that is created by the 𝑖𝑖𝑡𝑡ℎ non-
dominated solution and reference point. 

 

Fig. 7. Area to calculate HV 

2.3.1.6. Multi-Criteria Decision Making (MCDM) methods 

To select the best Pareto archive, the MCDM method and the weighted-sum method (WSM) are 

employed. The multi-criteria utility function is introduced (10) [27].  

𝑉𝑉 = ∑ 𝑤𝑤𝑖𝑖𝐹𝐹𝑖𝑖𝑘𝑘
𝑖𝑖=1 (𝑥𝑥)  (10) 

where  𝑈𝑈,𝑤𝑤𝑖𝑖 ,𝐹𝐹𝑖𝑖(𝑥𝑥), 𝑖𝑖, 𝑘𝑘 represent the multi-criteria utility function, the weight assigned, the objective 

function, the number of objective functions, and the maximum of the objective function, respectively. 

The objective functions may be converted to their normal forms as follows: 

𝑈𝑈 = 𝑤𝑤1 �
𝑓𝑓1(𝑥𝑥)−𝑓𝑓1𝑚𝑚𝑚𝑚𝑚𝑚

𝑓𝑓1
𝑚𝑚𝑚𝑚𝑚𝑚−𝑓𝑓1

𝑚𝑚𝑚𝑚𝑚𝑚� + 𝑤𝑤1 �
𝑓𝑓2(𝑥𝑥)−𝑓𝑓2𝑚𝑚𝑚𝑚𝑚𝑚

𝑓𝑓2
𝑚𝑚𝑚𝑚𝑚𝑚−𝑓𝑓2

𝑚𝑚𝑚𝑚𝑚𝑚�  (11) 

𝑓𝑓2 

𝑓𝑓1 𝑥𝑥1 

𝑥𝑥5 𝑥𝑥3 

𝑥𝑥2 

𝑥𝑥4 

𝑥𝑥2, 𝑥𝑥3, 𝑥𝑥4 

dominated solution 

 

 𝑥𝑥1, 𝑥𝑥5 

non-dominated solution 
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where 𝑈𝑈,𝑤𝑤1,𝑤𝑤2, 𝑓𝑓1(𝑥𝑥), 𝑓𝑓1𝑚𝑚𝑚𝑚𝑚𝑚 , 𝑓𝑓1𝑚𝑚𝑚𝑚𝑚𝑚, 𝑓𝑓2(𝑥𝑥), 𝑓𝑓2𝑚𝑚𝑚𝑚𝑚𝑚 , 𝑓𝑓2𝑚𝑚𝑚𝑚𝑚𝑚 represent the multi-criteria utility function, the 

weight assigned to the first objective, the weight assigned to the second objective, the first objective 

function, maximize of the first objective function, minimize of the first objective function, the second 

objective function, maximize of the second objective function, minimize of the second objective function, 

respectively. 

3. Results and Discussion 
As shown in the previous section, the simulation depicts the experiment's image stitching. 

3.1. Parameter settings 
The general parameters of various algorithms in MATLAB programming such as the population size 

or number of searchagents (na) = 30, number of population (npop) = 8, the maximum number of 

iteration (niter) = 500, size of Pareto archive (narchive) = 300, number of grid per each dimension (ngrid) 

= 10, reference point (rp)= 1.5 for the hypervolume, weight assigned to the first objective (w1) =0.5 and 

weight assigned to the second objective (w2) =0.5 for the weighted sum method (WSM), The other 

parameters used explicitly by a particular optimizer are given below: 

• Multi-objective Whale Optimization Algorithm (MOWOA) setting: vector  𝛼⃗𝛼   is linearly decreased 

from 2 to 0, a constant for defining the shape of the logarithmic spiral (b) = 1. 

• Multi-objective Grey Wolf Optimizer (MOGWO) setting: grid inflation parameter (alpha) = 0.1, 

leader selection pressure parameter (beta) = 4, and extra (to be deleted) repository member selection 

pressure (gamma) = 2.  

• Multi-objective Genetic Algorithm (MOGA) setting: crossing-over probability (pc) = 1.0, and 

mutation probability (pm) = 0.1. 

3.2. Simulation result 
    The multi-objective functions optimized using the proposed MOWOA, MOGWO, and MOGA 

comparative algorithms are shown in Fig. 8. These figures illustrate the convergence of the Pareto 

archive. The performance compared based on the hypervolume (HV) is shown in Fig. 9.  

 

Fig. 8. Best Pareto front from each algorithm. 
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(a) HVof MOWOA (b) HV of MOGWO 

(c) HV of MOGA 

Fig. 9. The Hyper volume (HV) 

The reference point for calculating the hypervolume indicator is the maximum value for the better 

algorithm. Results obtained using algorithms MOWOA, MOGWO, and MOGA are reported in Table 

2.  

Table 2.  Hypervolume values 

Algorithm Minimum Maximum Mean Std. Dev. 
MOWOA 1,458,207,777 1,897,539,801 1,766,737,837 108,028,649 

MOGWO 1,451,559,487 1,875,012,573 1,725,584,802 111,617,408 

MOGA 1,520,597,935 1,872,699,444 1,744,161,939 96,836,565 

 

MOWOA outperforms the others, achieving a maximum of 1.2%; it is superior to the others. The 

best Pareto front of MOWOA obtained in this study is illustrated in Fig. 10, and the minimization 

weighted-sum method (11) yields 0.3563. The first objective function is 164,344 positions, and the 

second objective function is 22,846 pixels, as shown in Fig. 10. The designed variable is shown in Table 

3. 

 

Fig. 10. The best-obtained Pareto front of MOWOA and the Optimum point. 
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The geometric transformation employed in the proposed MOWOA technique is defined by a set of 

eight parameters (ℎ1–ℎ8), as summarized in Table 3. Parameters ℎ1to ℎ6represent the linear 

components of the transformation matrix, where the nonzero values indicate combined scaling and 

rotation effects, while the zero-valued coefficients (ℎ3 and ℎ6) suggest the absence of shear along the 

corresponding axes. Specifically, the symmetric values of ℎ1 = ℎ5 = 0.8181and the opposite signs of 

ℎ2and ℎ4(−0.5743 and 0.5741, respectively) reflect a rotation-dominant transformation with uniform 

scaling. The remaining parameters, ℎ7 = 148.1096and ℎ8 = 472.8398, correspond to translation 

components along the horizontal and vertical directions, respectively, enabling accurate spatial alignment 

during the transformation process. Collectively, these parameters define a stable and well-conditioned 

transformation matrix optimized by the MOWOA approach. 

Table 3.  The parameter of the transformation matrix of the MOWOA techniques 

PARAMETER VALUE 
ℎ1 0.8181 

ℎ2 -0.5743 

ℎ3 0 

ℎ4 0.5741 

ℎ5 0.8181 

ℎ6 0 

ℎ7 148.1096 

ℎ8 472.8398 

3.3. Results and analysis 
The analyzed image measures 1,107 x 604 pixels. The calculated minimum image subtraction for the 

experimental results, using the SURF method, is 215,566 positions, whereas the MOWOA value is 

164,344 positions. The SURF histogram minimum is 30,548 pixels, and the MOWOA histogram 

minimum is 22,846 pixels, as presented in Table 4.  

Table 4.  The comparison result of the objective function 

Experimental SURF MOWOA Improvement 

Minimum of image subtraction (position) 215,566 164,344 23.76% 

Minimization of histogram (pixels) 30,548 22,846 25.21% 

 

The results of MOWOA improved SURF for the first objective function by 23.76% and for the 

second objective function by 25.21%, resulting in an overall improvement of 24.48% over standard 

SURF. The experiments yield panoramic results for SURF and MOWOA, as shown in Fig. 11. The 

results produce panoramic (Fig. 11(b)) or composite images that are not distorted, with aligned skylines 

and letters that can be combined. The histogram image SURF and MOWOA, as shown in Fig. 12. 

However, this is an offline experiment, not a real-time experiment. Future experiments may include 

additional conditions (e.g., image size, resolution, illumination), or incorporate an objective function. 

 

(a) SURF 

 

(b) WOWOA 

Fig. 11. Comparison result of SURF and MOWOA techniques. 
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Fig. 12(c) illustrates the histogram-based error distribution between the SURF and MOWOA 

approaches across normalized gray levels [0,1]. The error exhibits pronounced peaks in the low–mid 

gray-level range (approximately 0.15–0.30), indicating regions where intensity discrepancies between the 

two methods are most significant. In contrast, the mid-range gray levels (≈0.35–0.70) show 

comparatively lower and more stable error values, suggesting improved consistency in feature alignment 

and intensity mapping. A secondary increase in error occurs at higher gray levels (≈0.75–0.85), followed 

by a sharp spike near the upper bound, which may be attributed to boundary effects or high-contrast 

regions. Overall, the distribution highlights non-uniform error behavior across intensity levels, reflecting 

the differing sensitivities of SURF and MOWOA to local intensity variations during stitching. 

 

(a) SURF 

 

(b) MOWOA 

 

(c)  Error of histogram between SURF and MOWOA 

Fig. 12. The histogram 

4. Conclusion 
This paper proposes improved parameters of the fundamental matrix in the standard SURF method 

using a meta-heuristic algorithm. This paper compares three metaheuristic algorithms (MOWOA, 

MOGWO, MOGA) and evaluates their performance using the hypervolume indicator and WSM. First, 

we discussed the motivation for this research and explained why the proposed strategy is necessary. 

Second, we stitch two images using the Speeded Up Robust Features (SURF) method. The resulting 

image transformation matrix has eight parameters, which are estimated using the Random Sample 

Consensus (RANSAC) method. Third, we increase efficiency through metaheuristic multi-objective 

optimization algorithms, namely MOWOA, MOGWO, and MOGA. This work also proposes a 

comparative study of multi-objective meta-heuristics (MOMHs). Subsequently, the multi-objective test 

functions were optimized using the proposed MOWOA, MOGWO, and MOGA comparative 

algorithms. Performance was evaluated using the hypervolume (HV) indicator. MOWOA yields the best 

result. To select the best Pareto archive, the MCDM method and the minimization weighted sum 

method (WSM) are 0.3563. The first objective function (minimum of image subtraction) is 164,344 
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positions, and the second objective function (minimization of histogram) is 22,846 pixels. Finally, the 

results of the best Pareto archive of MOWOA are applied to the generated panoramic image. The 

experiments present results for 2 objective functions. 1) The minimum of image subtraction between 

the SURF method and the MOWOA result. The minimum image subtraction of the MOWOA result 

achieves a 23.76% improvement over the SURF method. 2) The minimization of the histogram, the 

MOWOA result achieves a 25.21% better result than the SURF method. In summary, MOWOA's 

optimization techniques improved the efficiency of the SURF method by 24.48%. However, in the 

future, the generated panoramic images will be used in mobile mapping, UAVs, and medical applications. 
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