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Medical image processing helps diagnose diseases early. Brain tumour 
segmentation is a medical imaging speciality. Computer vision and machine 
learning help doctors diagnose diseases effectively. This study uses Standard 
RGB (SRGB) density analysis to isolate brain tumours on MRI images. Input 
intensity values are normalized using SRGB colour space and a Gaussian filter 
to identify tumours from the background. Adaptive threshold identifies brain 
MRI tumour spaces. Brain tumour space is derived using area and density 
functions. Applying morphological functions eliminates false positives to detect 
the accurate tumour space. The proposed technique is evaluated using recall, 
precision, and F–measure.
Key words: SRGB-based density analysis, Gaussian filter, Precision and 
F-measure
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In the field of medical science, the brain is identified as one 
of the significant organs in the human body which helps in 
processing and regulating complete body activities. Cancer is the 
deadliest disease that can occur in all organs of the human body 
by stimulating the growth of abnormal cells. Due to a variety 
of causes, 200 different types of cancer can affect the human 
body. Hence Cancer is considered as deadliest disease globally. 
As per the American Cancer Association statistics, nearly 80000 
Americans were taken treatment for primary brain tumour stage 
and nearly 16000 Americans were dead from a brain tumour in 
the year 2019 [1].

Brain tumours are one of the most prevalent central nervous 
disorders. They can cause serious harm to human activities and 
occasionally even result in death. Among intracranial tumours, 
gliomas have the greatest death and morbidity rates. To 
identify brain tumours, several imaging techniques have been 
investigated with advanced technology. The most common 
techniques for diagnosing brain tumour disorders are Magnetic 
Resonance Imaging (MRI) and Computed Tomography (CT) 
scans. Structural images in three components are generated using 
the semi-imaging technique known as Magnetic Resonance 
Imaging (MRI). It is commonly used in the early identification, 
diagnosis, and follow-up of illnesses. It is founded on advanced 
edge technology that stimulates and detects abruptness in the 
rotational region of protons present in the water that composes 
tissues. Among them, MRI has emerged as the primary imaging 
method for the diagnosis and management of gliomas due to its 
benefits of smooth tissue contrast, imaging in any direction and 
non-invasive imaging.

RELATED WORKS 

Somasundaram and Gobinath presented are view analysis 
of deep cognition methods for tumour detection and 
segmentation [1]. This survey also studies current development 
in brain tumour analysis and categorization based on passing 
the MRI image patches into the deep networks. Lathera and 
Singh investigate the brain tumour detection and segmentation 
techniques proposed by many researchers in the past years [2]. 
This article also provides a consolidated explanation of partially 
and completely robotic brain tumour-finding techniques in 
tabular form. Yang and Song developed the U-net model for 
robotic brain tumour isolation [3]. The U-net architecture 
is constructed by using loss functions and an optimization 
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algorithm for isolating the exact tumour region in brain MRI 
samples and implementing the semi-automatic brain tumour 
segmentation algorithm for identifying the accurate brain 
tumour space in MRI samples [4]. The result of this process is 
very close to the analysis of an expert radiologist. This technique 
is evaluated in terms of quantitative metrics.

Gobhinath et al. proposed a medical image-processing technique 
for tumour isolation in brain samples [5]. The high pass pre-
processing concept is applied to reduce the unwanted elements 
and the median concept is applied to improve the superiority 
of the brain MRI sample. Akram and Usman implemented the 
CAD system for automatic brain tumour detection and isolation 
[6]. This diagnostic system helps to identify the tumour region 
with proper segmentation. Jemimma and Vetharaj implement the 
watershed conceptualizing Dynamic Angle Projection (DAPP) 
for brain tumour isolation. The Watershed concept effectively 
segments the tumour region by extracting texture features using 
Dynamic Angle Projection (DAPP) [7]. Convolution Neural 
Network (CNN) is applied to categorize the tumour region 
from the non-tumour region of the MRI image. Kumar et al. 
developed the fully Convolution Neural Network (CNN) for 
brain tumour isolation and classification [8]. The hierarchical 
approach and intra-growth hankie classification are applied for 
the exact categorization of tumour and non-tumour regions.

Wulandari et al. calculated the area of the brain tumour region 
by applying the watershed concept. The median concept is 
applied to improve the superiority of the MRI sample [9]. The 
thresholding technique is processed to calculate the accurate 
area of the brain tumour region introducing the two-step 
verification model based on the watershed algorithm for brain 
tumours segmentation [10]. This model isolated the tumour 
space in MRI samples and a matching algorithm is performed to 
compare the isolated area with the ground truth implemented in 
a semi-automated approach for brain tumour segmentation [11]. 
The data-driven model is implemented using the probabilistic 
method to isolate the brain tumour from images investigates the 
role of Convolution Neural Network (CNN) in brain tumour 
segmentation tasks and also investigates the future uses of 
convolution neural network by exploring radionics proposed 
by the tumour isolation network using A Res U-Net [12, 13]. 
Residual units are combined with U-net architecture to enhance 
the quality of the identification of brain tumour regions in MRI 
images giving the study the art techniques of pattern recognition 
for brain tumour segmentation in mp MRI samples [14]. This 
study also identifies the best learning model for brain tumour 
isolation in Brain Tumour Segmentation (BraTS) and challenges 
the proposed novel brain tumour isolation model [15]. This 
model is developed by combining the random field and multi-
cascaded convolutional neural networks. The experimental
results achieved competitive performance developed the
combination of two segmentation techniques implemented for 
brain tumour isolation [16]. 3D Convolution Neural Network 
(CNN) and U-net architecture is combined for better and more 
accurate results. Ramya and Jayanthi implemented a semi-
automated brain tumour segmentation model using graph cuts 
[17]. The kernel mapping technique is applied on graph cuts 
to partition the multi-regions for identifying the brain tumour 

region and developed an effective combined model for brain 
tumour segmentation [18]. SFCM spatial concept is applied to 
separate the tumour region from the non-tumour region.

PROPOSED METHODOLOGY

Brain tumour segmentation is a part of medical image 
processing. The automated or computerized brain tumour 
segmentation process helps medical practitioners to diagnose 
in the proper channel. Hence, this proposed method contains 
three stages to isolate the tumour space in brain MRI samples. 
In the first stage, the given input image is pre-processed into 
standard RGB colour space to narrow the intensity values. The 
Gaussian filter is applied on the grey level of the SRGB space 
image to normalize the tumour region in a uniform distribution. 
In the second stage, the possible tumour region is extracted 
by comparing the pre-processed outcome with the threshold 
value. Region properties such as density and area are employed 
to isolate the actual tumour space in the brain MRI samples. 
Finally, the morphological functions are applied to detect the 
exact tumour region by eliminating unwanted regions.

Preprocessing using colour  space and gaussian filter 

A colour value of an image furnishes more semantic information 
about objects and background scenes. Hence, image processing 
techniques entail the colour spaces along with certain properties 
for effective operations on images. Conversion from one colour 
space to another colour space needs philosophical knowledge of 
colour space characteristics and requirements of the particular 
application. Figure1 represents the outcome of SRGB and 
Gaussian filter.

(a)  (b)  (c) 

Fig. 1. Outcome of SRGB band Gaussian filter (a) Input (b) 
SRGB (c) Gaussian Filter

Colour  space 

In this proposed methodology, the present colour space 
shown in Figure 1(a) is converted into Standard RGB 
(SRGB) to represent the linear combination of colour values 
into the non- linear combination of colour values, which 
provides a more  convenient way to categorize the required 
space in the brain MRI images. SRGB technique performs 
the non-linear function such as the gamma correction 
method on present colour space. This technique helps to 
distinguish the colour representation in brain MRI images.   
SRGB colour space is as shown in Figure 1(b) making the 
tumour region brighter as compared to the background 
region. The parameters used to transform the current colour 
space to SRGB space is equation 1, 2, and 3:
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Gaussian filter

SRGB technique produces the sharpened high-frequency 
component tumour pixels, hence Gaussian filter is applied to 
smooth the pixels of the tumour region. Gaussian filter (equation 
4) is a low pass filter, which reduces the noise by performing
the blurriness on the image region as shown in Figure1(c). This
technique is implemented with a symmetric kernel which is
passed among all the pixels of the image to get the effective gap
among the tumour and non-tumour pixels. Symmetric kernel
changes the colour information due to the pixel that is the centre
of the kernel having more weightage towards the final value.
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Possible tumour region extraction

The thresholding technique is applied to extract the possible 
tumour region by comparing every pixel of the brain MRI 
sample with the computed value. Thresholding is a very popular 
technique to isolate the region of interest from the background 
region. Similarly, the threshold value is computed using 
equation 5. Later, each pixel value of Gaussian blurred outcome 
is compared with the computed threshold value. This separates 
all pixels of Gaussian blurred outcome into two sets such 
as pixels having intensity levels lower than the threshold and 
pixels having intensity levels greater than the threshold. Here, 
the proposed method considers the pixel values greater than the 
threshold value because the tumour region pixel intensity level is 
brighter than the background intensity level. Finally, its results 
with the binary image are shown in Figure 2.

Fig. 2. Extraction of the possible tumour region
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Detection of the actual tumour region

The actual tumour region is extracted by analysing the region 
properties of the possible tumour region. Region-based 
properties such as area and solidity are studied to analyse the 
actual shape and position of the tumour space in brain MRI 
samples. The area region property identifies the actual number of 
intensities presenting the possible tumour samples. The convex 
area measures the shape factor by applying the convex polygon 
to a possible tumour region. Solidity computes the density of 
the tumour region by dividing the area over the convex area, 
which helps to retain the actual portion of the tumour region. 
Finally, the actual tumour region is extracted by intersecting the 
outcome of the solidity image with the possible tumour region 
as shown in Figure 3.

Fig. 3. Outcome of the actual tumour region extraction

Post-processing for eliminating unwanted regions

After extracting the actual tumour region, there some unwanted 
regions were present in the tumour-detected image. Hence, 
morphological functions such as dilate, and filling operations are 
performed to eliminate the possible unwanted regions. Dilate 
operation combines all the disconnected tumour pixels. The 
filling operation loads the pixels into the holes created in the 
tumour region, which results in a complete region of the tumour 
area as shown in Figure 4.

Fig. 4. Tumour region detected

RESULTS

To assess the proposed methodology, an extensive experimental 
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analysis is conducted on the Kaggle brain tumour MRI dataset. 
Which can be publicly downloaded in the linkage as follows in 
Figure 5. This dataset contains two different brain MRI classes 
Yes and No. Where Yes class represents the presence of a tumour 
region in brain MRI samples and No class depicts the absence of 
a tumour region in brain MRI samples. 253 brain MRI 
images were collected in this dataset with a standard size of 
240 × 240 pixels. Out of 253 brains, MRI images 155 
samples are Yes class with having a tumour region and 98 
samples are No class with no brain tumour region. Sample 
outputs of the proposed approach are illustrated in Figure5.

Fig. 5. Sample outputs of the proposed methodology

The evaluation metric of the proposed method is Recall (R) 
(Equation 6): Truly Detected Tumour Region (TDTR) over the 
Actual Tumour Region (ATR). Precision (P) (Equation 7): Truly 
Detected Tumour Region (TDTR) over the Truly Detected 
Tumour Region (TDTR) and Falsely Detected Region (FDR). 
F-Measure (Equation 8): Product of 2, Recall and Precision over 
the addition of Recall and Precision.
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The analysis result of the proposed methodology is represented 
in Table 1 concerning both classes. SRGB colour space effectively 

increases the semantic gap between the tumour region and non-
region. Morphological functions also eliminate all possible false 
positives to increase the result precision. In Table1, separate 
result analysis has been done for both yes and no classes and 
also aver-aged results have also been calculated to represent the 
overall performance of the proposed approach. 

Tab.1. Evaluation of proposed methodology

Classes Precision Recall F-Measure

Yes 90.14 83.11 86.48

No 89.53 78.57 83.69

Average 89.83 80.84 85.08

The comparative analysis of the presented approach is also 
done in Table 2 with previous state-of-the-art techniques. The 
obtained results are competitive concerning the recall and 
outperform concerning precision and F-measure.

Tab. 2. Comparative analysis of Proposed Methodology

Methods Precision Recall F-Measure

K-Means[19] 0.83 0.64 0.72

K-Means with PSO[19] 0.86 0.82 0.84

DWT+PCA+SVM
(Linear) [20] 0.4 1 0.57

Proposed Methodology 89.83 80.84 85.08

CONCLUSION

The automated brain tumour segmentation techniques are more 
helpful to medical practitioners to diagnose the patient in the 
proper channel. Hence, the currently proposed methodology 
implements the SRGB colour space with Gaussian filter. SRGB 
effectively distinguishes the tumour intensity values from 
the non-tumour intensity values. Gaussian filter is helpful to 
smooth the pixels of the tumour region. Later threshold value 
completely differentiates the tumour pixels from the non-
tumour pixels and it is considered a possible tumour region. 
Area and density of region properties effectively identify the 
accurate tumour region. Morphological functions are helpful to 
eliminate the possible false positives in the outcome. In future, 
post-processing techniques will be studied to extract the actual 
region tumour region from complex MRI images.
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