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Abstract 

 

Diagnosing brain cancers in medicine necessitates an examination utilizing magnetic resonance 

imaging (MRI). picture processing techniques in the medical domain are integral to computed 

tomography detection in MRI due to their excellent picture fidelity and little radiation exposure. 

Nonetheless, there remain deficiencies in the interpretation, analysis, and imaging of brain tumors 

in detection. This study seeks to identify brain tumors to ascertain their size and extent by a pixel-

based methodology. The dataset utilized originates from Cipto Mangunkusumo Hospital in Jakarta 

and comprises T1 contrast and BMP sequences. The research procedure will employ many 

methodologies, including active contours, Otsu's method, and a combination of techniques, with 

comparisons utilizing the MRI MicroDicom viewer. The image testing phase utilizing Matlab and 

Python with thirteen image datasets. The findings from this study, which involved segmentation 

and extraction techniques to quantify the area of brain tumors using a pixel-based approach, 

indicate that the combined method outperforms alternative methods by achieving superior 

accuracy of 99%. Other methods fail to attain this level of accuracy, and the combined method 

also demonstrates optimal error differentiation in template matching. 
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Introduction 

 

The domain of computer science and communication is intricately linked to human labor 

(Vauzia & Sumitra, 2020). Because of the technological developments that have been made in the 

field of communication media, which are founded on the principles of information technology 

(Finch et al., 2021). Computer media has exhibited a diverse range of sizes, spanning from compact 

devices to expansive systems, all showcasing remarkable performance capabilities (Faria et al., 

2017) (Sasvari, 2013) (Parihar, 2018). In addition, technology has greatly enhanced different areas 
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of human labor by enabling faster, more efficient, and more economical operational operations 

(Skaržauskienė et al., 2013). 

 

Previously, healthcare professionals employed manual approaches and utilized MRI 

provider viewer programs, alongside mathematical morphology integrated inside computational 

analyses, to quantify the residual components of the tumor that necessitated manual measurement, 

particularly the diatarsis. Nonetheless, due to the diverse shapes, sizes, and depths of the tumors 

in this instance, the pictures acquired during the identification process via MRI remain 

insufficiently precise for accurately locating brain tumors in MRI scans. In computer science, 

manual research methods are obsolete; so, researchers must execute numerous processing 

operations on pictures obtained from MRI detection. At now, there has been no implementation of 

detection utilizing a pixel-based approach with BMP format, which facilitates data processing 

without compromising the integrity or attributes of the MRI image dataset. 

 

The forthcoming research will expand upon prior studies to analyze and evaluate MRI 

image measurements through a pixel-by-pixel methodology utilizing a BMP type MRI Contrast 

T1 sequence dataset. 

 

To streamline the investigation of therapy treatments and clinical trials, a succinct and 

thorough evaluation of glioma images is essential (Irianto et al., 2024). Given these circumstances, 

establishing a volume size approach appears to be a prudent decision. The significance of progress, 

consistency, and accessibility of segmentation tactics is paramount. This study demonstrates a 

robust association between the mathematical morphological formula of the ellipsoid and 

segmentation in accurately estimating the volume of glioma brain tumor divisions (Parney & 

Prados, 2005). This relationship will facilitate accurate observations of the patient's therapy 

response, as categorized by the four RANO groups. The findings indicate that the ellipsoid formula 

is advantageous for measurements in clinical contexts (Le Fèvre et al., 2022). Hematoma size and 

individual variations in mathematical morphology can influence the application of the Tada 

technique for assessing intracerebral hemorrhage (ICH) (Swati et al., 2019). The volume 

measurement range of 20-40 ml may suggest diminished observer reliability, resulting in possible 

mistakes in illness evaluation and treatment. Addressing the aforementioned constraints and 

enhancing the precision of the measured values (Gong et al., 2021) is crucial for assessing two 

distinct methodologies for quantifying intracerebral hemorrhage (ICH) volume (Hasan et al., 

2022). The two employed methods are software-assisted planimetry and the elliptical volume 

approach, referred to as ABC/2. Section (Jolink et al., 2020) (Maeda et al., 2013). 

 

A multitude of methods for viewing tumor volumes are elucidated in a series of current 

scientific studies (Feldman et al., 2014), the process starts with the exploitation of a number of 

photographs, both one-dimensional and two-dimensional. Through the use of mathematical 

computations and mathematical morphological calculations of hemi-ellipsoids, a number of earlier 

research have demonstrated that it is possible to provide representations of the three-dimensional 

shape of tumors. To determine three crucial dimensions, namely height (Ben Abdallah et al., 2016), 

breadth, and length, it is necessary to have estimates of tumor volume (Sápi et al., 2015). 

 

 The authors describe a novel system for classifying hemi-ellipsoid brain tumors. This 

methodology employs mathematical morphology, the active contour technique, Otsu's method 
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(Mittal et al., 2017), fundamental morphological operations, and data extraction (Parveen & Singh, 

2015). This study indicates that the prior mathematical technique is inferior; yet, a pixel-based 

approach is necessary in the realm of computer science. The deficiencies of the employed 

algorithm, as well as inaccuracies in comparisons between algorithms and the matching of tumor 

area objects from the analyzed algorithms, remain undetermined. Utilization of pixel size (Kumar 

& Tiwari, 2019) as a criterion for differentiating various cancer kinds. The shape generated using 

the Otsu algorithm, active contour (Hadi et al., 2022), and calculations from the Microdicom 

application (Müller et al., 2004) will be employed in the evaluation process, alongside merge two 

algorithms (Shukran et al., 2021), particularly for classifying items based on the detection of brain 

tumors (Bangare et al., 2017). 

 

 

Methodology 

 

The researcher goes through a number of stages during the process of conducting research. These 

stages include determining the dataset that will be used, creating ground truth as the baseline value, 

and then moving on to segmentation of the active contour image, Otsu, and hybrid. Additionally, 

the researcher uses calculations with an MRI viewer application called MicroDicom after 

completing these stages. The following are the requirements that are associated with each of these 

methods: 

 

This analysis employs magnetic resonance imaging (MRI) data sourced from the Research and 

Development Center of Cipto Mangunkusumo General Hospital (Mehmet Kocak, 2022). This 

dataset provides statistics on the prevalence of cerebrovascular disorders. The data (Madhupriya 

et al., 2019) (Sreenivasan et al., 2016) comprises a compilation of clinically acquired information 

regarding brain tumors from the Radiology Department of Cipto Mangun Kusumo General 

Hospital in Jakarta, Indonesia. A skilled neuroradiologist (Sreenivasan et al., 2016) is necessary to 

regularly update the dataset and furnish ground truth labels. Upon acquisition, the magnetic 

resonance imaging (MRI) pictures are digitized and archived. Figure 1 presents a collection of 

images from the inquiry. 

 

  
  

  

A B C D E F 

 

Figure 1 Original MRI  (A), Ground Truth (B), Microdicom (C), Active Contour (D), Otsu 

(E), Combine(F) 

 

This study's design has three primary phases: Saving photos in BMP format (Jones & Rabbani, 

2020). (2) Establishing ground truth (Wang et al., 2019) as a primary reference for future 

comparisons with alternative methods (Yang et al., 2015)  (3) Employing active contour, Otsu, 

and merge two algorithms integrated with advanced morphological processes (Vaillant & 

Davatzikos, 1997) for brain tumor segmentation, in conjunction with computations utilizing the 
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microdecom application. Multiple procedures are employed, commencing with the determination 

of the ground truth and necessitating significant computations utilizing tools such as microdecom 

viewer, Otsu, active contour, and merge two methods. These methods are frequently employed to 

derive statistical data from photographs. Moreover, the extraction methodology takes into account 

the pixel dimensions pertinent to each technique 

 

Dataset 

  

This method necessitates the provision of precise and verified data concerning the specific location 

of the tumor seen in the image (Wongso et al., 2017) (Gunawan et al., 2018). This information will 

function as training data and criteria for assessing diverse research procedures, including manual 

mathematical morphology, pixel-based segmentation and extraction techniques devoid of operator 

intervention, and template matching algorithms. Moreover, image sections are meticulously 

delineated to differentiate the primary subject of interest from the adjacent backdrop (Isunuri & 

Kakarla, 2019) 

 

Segmentation 
 

Magnetic resonance imaging (MRI) segmentation is employed to delineate regions exhibiting 

distinct features that signify the existence of cerebral cancer. The active contour method is 

employed to segment pre-processed MRI images. Figure 1 employs the Original Image, active 

contour, and fusion techniques to identify brain cancer (Widodo et al., 2016). 

 

Extraction 

 

Extraction is the primary phase necessary for acquiring comprehensive information from the image 

under examination. 

 

a. Create Ground Truth 

Calculations utilizing ground truth data are employed to derive baseline values obtained from other 

methodologies (Example, n.d.) (Iskhakov, 2016). The provided MRI image (Figure 1B) will act as 

a benchmark for comparison with alternative techniques. The ground truth will be determined, and 

a designated tumor location has been established as the baseline value (Kumari et al., 2020). 

b. Dataset obtained from the Microdicom application 

This dataset is sourced from original MRI data acquired with the Microdicom MRI viewer. The 

MRI images presented (Figure 1 C) were produced by processing the dataset with the MicroDicom 

program. This program offers functionalities that facilitate users in assessing the dimensions of the 

tumor region. 

c. Dataset derived from active contours 

This technology employs active contours as a segmentation technique, utilizing closed curves that 

can dynamically expand or contract to precisely delineate the image. The active contour method 

has been employed to segment MRI images, with contours modified to align with the location of 

specific brain tumors for detection purposes (Figure 1 D). 
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d. Dataset derived using the Otsu algorithm 

  

This methodology employs the Otsu method for segmentation. This method computes the image 

intensity distribution and image weight, yielding a threshold value of 256. Upon alteration of the 

image value in the subsequent study, the image will be modified to white. This is the preliminary 

MRI image for analysis. 
 

 
Figure 2 Outcomes of Otsu's MRI methodology 

 

Image 2 illustrates the Otsu segmentation method, succeeded by the extraction phase employing 

the Otsu 256 thresholding technique, culminating in contour detection. This process entails 

delineating a bounding box around the tumor and marking it in blue to facilitate differentiation 

between images with and without the tumor. 

e. Merge Algorithm-Based Datasets 

  

Figure 3 Merge two algorithm MRI results 

 

The two fusion techniques encompass multiple operations, including picture capture and the 

application of acoustic thresholding in conjunction with the active contour method. The technique 

commences with the preliminary acquisition of MRI images. The Otsu thresholding method is 

subsequently employed to provide labels to items within the image. Ultimately, active contours 

are employed for picture segmentation. The subsequent method employs the active contour 

technique for detection. This method recognizes analogous images and adjusts them to the 

specified image objects for detection. 

 

Pixel calculation 

This treatment employs various techniques, including microdicom MRI viewing software, the Otsu 

method, active contouring, and their integration. The subsequent actions are executed: 
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Figure 4 Measurement Technique Electrical Schematic 

The aforementioned procedures encompass the primary techniques of segmentation and extraction 

utilizing Microdicom, Otsu's method, active contour, and the integration of these approaches with 

a pixel-based methodology approach. 

 

Template Matching Algorithm 
 

At this level, the technique will employ the pixel-based pattern matching algorithm derived from 

segmentation processing. Pixel extraction will be conducted via multiple techniques, including 

ways employing microdicom software, active contours, Otsu's method, and the integration of two 

methodologies. The chosen method will rely on the ground truth as a benchmark value. Subsequent 

to the implementation of the strategy, the ensuing procedure will employ the pixel pattern matching 

algorithm (Hashemi & Aghdam, 2016). 

The survey entails comparing each pixel in the digital picture matrix with a template image with 

this technique. Template matching employs the equation: 

 

r =
∑ (xik−x̅).(yjk−y̅)N

k=1

√∑ (xik−x̅)2.∑ (yjk−y̅N
k=1 )2N

k=1

   (1) 

 

The correlation coefficient, represented as r, quantifies the relationship between two variables. In 

this instance, xik denotes the reference image, whereas x̄ signifies the mean value of the image. 

 

Algorithm error 

Accuracy is typically defined as the extent of divergence of a quantitative measurement from the 

true value (“Numerical Methods 5.1. Introduction,” 1998). Error analysis is crucial while doing 

calculations with numerical methods. The error size quantifies the precision of a numerical 

solution, indicating its proximity to the accurate result. 
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True value = Approximation + Error If the margin value relative to the true value is a, then the 

discrepancy is termed Error. 

In numerical engineering, failure, commonly referred to as error, signifies the divergence between 

an actual value and the value produced by an iterative process intended to approach the true value. 

The error can be substantially reduced, producing results that are adequately close to the genuine 

value, or possibly insignificant. 

In numerical engineering, accuracy can be evaluated using two distinct metrics: absolute error and 

relative error. The absolute error is the magnitude of the difference between the true value of x and 

the measured value of x'. 

ϵA = |x − x′|    (2) 

The relative error is determined by dividing the difference between the real value of x and the 

observed value x' by the actual value, rather than the absolute error. The outcome is a 

dimensionless quantity. The formula for relative error is presented below. 

ϵR = |
x−x′

x
| 100%   (3) 

Precision refers to the number of measurements conducted under identical conditions, yielding 

consistent outcomes. In this instance, the computation of absolute error and relative error in 

numerical approaches is as follows: 

1. Error Absolutely 

ϵA = |357 − 1008| 
2. Error Relative 

ϵR = |
357 − 1008

357
| 100% 

 

3. Percentage 

Formula:   Accuracy =  
Ground Truth Value

Value Obtained
100% 

or 

Accuracy = 100% − Value Obtained 

 

The researcher will employ a hybrid approach, integrating multiple methods, including the Otsu 

algorithm, active contour algorithm, and measurements utilizing the Microdicom viewer 

application, to achieve optimal results in addressing errors or low accuracy values. The hybrid 

algorithm integrates Otsu and active contour, as the researcher identified an effective technique by 

merging the two methodologies. Subsequently, after executing the image processing on MRI using 

hybrid algorithms based on testing and error analysis to determine the optimal and minimal error 

values, the process proceeded with template matching to align the MRI images. 
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Results and Discussion 

 

Results must be displayed in a coherent order using text, tables, graphs, and figures; redundancy 

in presenting identical data in several formats should be eschewed. The results discussion must 

delineate and elucidate the observed phenomena, trends, optimal values, and additional 

information that demonstrates the correlation between these results and those derived from prior, 

analogous studies. Results and conversation must remain unified without subsections. Your results 

must be immediately succeeded by your discussion. 

 

The software utilized for imaging processes comprises Matlab and Python. The Otsu algorithm 

facilitates the activation and merging of two outlines, while MicroDicom software enables the 

measuring of the tumor area. The endeavor necessitates the utilization of segmented MRI images 

to accurately delineate the precise tumor region in each specimen. The methodology employs 

microdicom, active contour, Otsu, and the integration of two techniques to provide Axial T1 

Contracts-type MRI pictures of 256x256 pixels. The algorithm has been employed to derive the 

findings in this context. The computation of mistakes can be conducted utilizing the algorithm 

detailed below: 

 

Results Algorithm Error 

 
Table 1 Calculation of Absolute Error Utilizing Numerical Methods 

Fundamental Value 

No Ground Truth Active Contour Microdicom Otsu Merge Method 

1 357 1008 691 209 340 

Error Absolut 

  Active Contour Microdicom Otsu Merge Method 

  -651 -334 148 17 

 

The absolute error calculation in Table 1 is derived from the numerical method. The value is 

derived by the use of the ground truth generation process, active contour technique, MicroDicom 

viewer, Otsu method, and concluding with the merge two process. The fundamental value is 

derived from the application of diverse techniques to the segmentation of glioma MRI images. 

Upon acquisition, the value is adjusted to determine the absolute error between the reference value 

and the actual value. The table indicates that the merge two approach yields the smallest error 

value, but the active contour method results in the largest value. The hybrid approach integrates 

the Otsu method with the active contour method. 

 

Table 2 Calculation of Relative Error Utilizing Numerical Methods 
Fundamental Value 

No Ground Truth Active Contour Microdicom Otsu Merge Method 

1 357 1008 691 209 340 

Error Absolut 
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  Active Contour Microdicom Otsu Merge Method 

  182% 94% 41% 5% 

 

Determine the relative error utilizing the numerical method presented in table 2. The value is 

derived from employing the ground truth construction process, active contour technique, 

MicroDicom viewer, Otsu method, and merging two processes. The fundamental value is derived 

from the examination of glioma MRI image slices employing diverse approaches. Upon obtaining 

the value, the error value is calculated by scaling the discrepancy between the fundamental value 

and the relative error. The merge two strategy exhibits the lowest error value in the table, whereas 

the active contour method demonstrates the highest value. The hybrid approach integrates the Otsu 

method with the active contour method. The resultant merged value is the percentage error, which 

is 5%. 

 

Table 3 Percentage Computation Utilizing Numerical Methodology 
Fundamental Value 

No Ground Truth Active Contour Microdicom Otsu Merge Method 

1 357 1008 691 209 340 

Error Absolut 

  Active Contour Microdicom Otsu Merge Method 

  282% 194% 59% 95% 

 

Determine the accuracy utilizing numerical methods based on the information presented in Table 

3.3. The values are derived from the ground truth construction procedure, active contour technique, 

MicroDicom viewer, Otsu method, and a merging process. The fundamental value is derived from 

the analysis of various techniques used to glioma MRI images, particularly those acquired through 

image cropping. Upon achieving the target value, it is calculated by deducting the error value from 

the 100% accuracy, attained via reduction cropping. The outcome is dictated by the crop value, 

originally established at 100% and subsequently diminished to 95% in the merge two 

methodology. The maximum value is achieved through active contour computing. 

a. Template for Matching Results Algorithm 

This algorithm employs multiple techniques, including Otsu, active, and a merging of two 

methods, to evaluate and align the outcomes of image processing. Furthermore, this program 

compares the computation results derived from the Microdicom viewer application. This technique 

aims to detect images consisting of letters, numbers, symbols, and other applications related to 

image matching. To ascertain the defect status of the PCB image, a correlation value of 1 signifies 

an absence of flaws, whereas a correlation value of -1 denotes complete defects. The employed 

formula is: 

𝑟 =
∑ (𝑥𝑖𝑘 − �̅�). (𝑦𝑗𝑘 − �̅�)𝑁

𝑘=1

√∑ (𝑥𝑖𝑘 − �̅�)2. ∑ (𝑦𝑗𝑘 − �̅�𝑁
𝑘=1 )2𝑁

𝑘=1
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The equation indicates that "r" represents the correlation coefficient, "xik" denotes the reference 

image, and "x̄" signifies the mean value of the reference image. Let y represent the input image, 

denote the mean of the input image, and let n signify the number of pixels in the image. 

The provided equations facilitate the execution of an advanced two-way merging technique 

utilizing pixel capture units. This method can subsequently be enhanced by employing a template 

matching algorithm, which functions according to the following criteria: 

 

a) Contrast the outcomes of template matching with those of active contours.  

𝑟 =
∑ (2090 − 1389). (2601 − 1683)13

𝑘=1

√∑ (2090 − 1389)2. ∑ (2601 − 168313
𝑘=1 )213

𝑘=1

= −1 

b) Results of template matching utilizing MicroDicom 

𝑟 =
∑ (2090 − 1389). (8806 − 4908)13

𝑘=1

√∑ (2090 − 1389)2. ∑ (8806 − 490813
𝑘=1 )213

𝑘=1

= −1 

c) The outcomes pertain to template matching with Otsu's approach. 

𝑟 =
∑ (2090 − 1389). (1748 − 1311)13

𝑘=1

√∑ (2090 − 1389)2. ∑ (1748 − 131113
𝑘=1 )213

𝑘=1

= −1 

d) Utilizes a combination of two template matching techniques for matching objectives. 

𝑟 =
∑ (2090 − 1389). (2084 − 1360)13

𝑘=1

√∑ (2090 − 1389)2. ∑ (2084 − 136013
𝑘=1 )213

𝑘=1

= 1 

 

The preliminary segmentation and extraction processes have been finalized. Processing employs 

a pixel-based methodology, commencing with the application of ground truth, Otsu's method, 

active contours, and the merging of two contours for analysis. Moreover, inaccuracies in the 

algorithmic computations are mitigated through the utilization of both abstract and relative 

numerical approaches. Tumor area matching is accomplished by a template matching algorithm, 

resulting in the use of template matching. Moreover, the template approach attains superior 

performance on merge two methods when the coefficient value is +1, exceeding the ideal value of 

the preceding technique 
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