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Abstract: Tumor volume estimation is a significant prognostic 

part of the Glioma tumor detection. Reliable assessment of 

Glioma tumor segmentation and volume estimation is a common 

problem in clinical aspects. We aim to propose a tumor 

segmentation method by suggesting suitable estimator for MR 

brain tumor volume construction. Run length algorithm is used 

to automatic initialize the seed point to the region growing 

algorithm. Region growing algorithm works with a threshold 

value using 8 × 8 patches. In this experiment includes thirty 

BraTS2013 high-grade and low-grade Glioma datasets. 

Proposed method yield 80.12% of Dice similarity with 6.8% of 

deviation and 84% of accuracy with 10% of deviation. The 

proposed work uses six state-of-the-art volume detectors to 

estimate the size of tumor volume. From the results, Cavalieri’s 

estimator gives more accurate results with less deviation. 

Index Terms Volume estimators, Rectangular estimator, 

Cavalieri’s Estimator, Trapezoidal Estimator, Parabolic 

Estimator, Truncated Pyramid, Simson’s Estimators 

I. INTRODUCTION 

  Computer-aided diagnosis is the interpretation of medical 

images by automatic systems that assist the doctors in 

diagnosing a particular disease. There are various types of 

imaging available in the medical industry that includes 

X-ray, ultrasound scans, computed tomography (CT), 

magnetic resonance imaging (MRI), etc. These imaging 

systems present a detailed structure of the human organs and 

are to be interpreted by the doctors to analyze and understand 

the problems/abnormalities in the anatomical structure of the 

human body [1]. Given that the time is very short for 

evaluation and the accuracy of the diagnosis, computer 

systems can help the physicians in evaluating these images 

and recommended the diagnostic process.  

For brain-related diseases, MRI is the safest imaging 

modalities suggested by the clinicians to diagnose 

abnormalities. MRI gives detailed information about the soft 

tissue characteristics [2]. It is the most commonly used 

imaging technique for monitoring and evaluating brain 

tumors..  
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MR scanner follows nuclear magnetic resonance (NMR) 

principle by using strong magnetic and radio frequency MR 

scanner provides various characteristics of brain images such 

as T1-weighted, T1-weighted contrast enhancement (T1c), 

T2-weighted and FLAIR (fluid attenuated inversion 

rejection) based on repetition time (TR) and echo time (TE).  

A brain tumor is an abnormal unpredictable cells 

development in the brain. There are different types of tumors 

that exist namely benign and malignant. Benign cells are 

non-cancerous whereas malignant tumors are cancerous [3]. 

Tumors can begin in other parts of the body and then spread 

to the brain which is called secondary. The tumor growth rate 

varies from case to case and how it will impact the functions 

of the nervous system is subjective. Developing methods for 

automatic segmentation of brain tumor is an emerging field. 

Manual segmentation requires more time and has increase 

rate of error [4]. Past few decades, machine learning and 

deep learning algorithms play an important role in 

segmentation. Tumor volume is used to evaluate the disease 

progression, treatment response, and need for changes in 

treatment plans [5]. Volume estimation can help to visualize 

the tumor which tells the exact characteristic and size of the 

tumor. The tumor size in 3D view plays an important role in 

the successful diagnosis and treatment plan. Generally, 

tumor volume is measured in the unit of a millimeter (mm3) 

or centimeter (cm3). Several methods have been proposed for 

brain tumor segmentation and volume estimation [6]. 

Abdulbaq et al. proposed a method for segmenting brain 

tumor and volume size estimation using hidden Markov 

random field- expectation maximization (MRF-EM) on CT 

images [7]. Mango software is used to measure the tumor 

volume. Ficici et al. developed a method for finding brain 

tumor and estimating volume using FLAIR and T1C MR 

images [8]. Bilateral symmetrical property helps to detect the 

abnormal images and thresholding, skull stripping and fuzzy 

c mean (FCM) clustering pipeline operations are used to 

segment the tumor region. Tumor volume is calculated from 

dataset information that can be obtained from the DICOM 

header. Shoaib and Ajaz developed a system for brain tumor 

segmentation and volume estimation by statistical texture 

feature map and active contour [9]. 
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 Then Surveyor’s algorithm is used to compute the volume 

of tumors. The accuracy of the volume is compared with 

famous ABC/2 method and Cavalieri method. 

In this current work, we have aimed to propose a tumor 

segmentation method and suggest a suitable estimator for 

MR brain tumor volume construction. Brain tumor 

segmentation is done by using run-length based region 

growing technique. Run length algorithms initialize the 

region growing algorithm and works with a threshold value 

on 8 × 8 patches. In this experiment, thirty BraTS2013 

high-grade and low-grade Glioma dataset are used. The 

proposed work uses eight state-of-the-art volume detectors to 

estimate the volume size of tumors namely Rectangular 

estimator, Cavalieri’s estimator, Trapezoidal estimator, 

Parabolic estimator, Simpson’s 3/8 estimator, Durand’s 

estimator. These estimators are capable of estimating the 

regular and irregular shape of tumor volume. From our 

analysis, Cavalieri’s estimator gives more accurate results 

with less deviation. 

II. METHODOLOGY 

Proposed method contains two stages: tumor segmentation 

and volume estimation. Block diagram of the proposed 

method is shown in Fig. 1. Tumor images are input for the 

proposed system. 

 

 
Fig. 1: Block diagram of the proposed method 

 

A. Brain Tumor Segmentation  

The proposed method automatically selects the seed point 

using run length method. Automatic seed point has been 

selected from the highest occurrence of the maximum 

intensity found in an image. This procedure is followed as the 

tumor appearance in T2 image have the maximum intensity 

as shown in Fig. 2. This seed point is given as input to 

updated region growing technique for tumor segmentation. 

This novel updated region growing technique uses a 

threshold value which can be obtained from a mean intensity 

of 8 × 8 patches of seed pixel. Patch is a small unit of brain 

image that helps to decide segmentation and is shown in Fig. 

2. Threshold determines whether neighbor patch can be 

merged into seed point or split into 4 × 4 smaller patches 

based on the minimum or maximum intensities in each 

patch. If min-max difference was less than the threshold, 

then the patches are merged into a single. A patch is split in 

half if the min-max difference is greater than the threshold. 

This process is continued until, no patch satisfies the criteria 

to merge and split. 

 

 
Fig. 2: MR brain image with 8 × 8 patch 

B. Tumor Volume Estimation 

 In stage 2, qualitative and quantitative post-processing 

validation is done by tumor volume construction and 

estimation respectively. Tumor volume construction can 

visualize the tumor volume in the 3D form which may help 

the physician to understand the aggressiveness of the tumor. 

For clinical follow-up, tumor volume is essential. Volumetric 

assessment of tumor with manual segmentation is a time – 

consuming process that can be overcome by automatic 

computerized methods.  

The volume of tumor is measured in the unit of cm3 or 

mm3 of voxels. Varieties of estimators are available to 

measure the volume of the tumor namely Rectangular 

estimator, Cavalieri’s estimator, Trapezoidal estimator, 

Parabolic estimator, Simpson’s 3/8 estimator, and Durand’s 

estimator [10]. In continuation, a suitable estimator for brain 

tumor volume calculation is identified using proposed 

segmentation results. The following subsections in this paper 

explain these estimators in detail. 

 

Rectangular Estimator 

Rectangular estimator is calculated using Eqn. (1). 

 
where,  distance between the sections (inter-slice gap), 

 cross-sectional area of the ith section through the 

morphometric region and  number of sections. 

Cavalieri’s Estimator 

Cavalieri’s Estimator is more accurate with equally spaced 

section. It is a statically unbiased form of rectangular 

approach which requires systematic sampling and defined 

(VC) in Eqn. (2). 

 

 
where,  maximum value of Y,  section thickness.  

Trapezoidal Estimator 
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Trapezoidal estimator is an enhanced method of rectangular 

approximation and determined by the following formula: 

(3) 

Parabolic Estimator  

Parabolic estimator is an improved version of Trapezoidal 

estimators and defined as: 

 

                                                            (4) 

where, the total number of sections (n) is required to be odd. 

Simpson’s 3/8 Estimator 

Simpson’s can estimate the area under a curve with an 

even numbering of sections using either a modification of 

Simpson’s 3/8 rule and given in Eqn. (5). 

 

                             (5)  
 

Durand’s Estimator 

 Durand’s estimator will work on odd or even number of 

section available in the volume but it requires equal space 

between the sections and defined in Eqn. (6).  

 

                                                                           (6) 

III. RESULTS AND DISCUSSION 

The experiment is carried out in systems with the 

configuration of 1.73 GHz Intel i3 processor, 2 GB RAM and 

Windows 7 operating system. Twenty Glioma tumor datasets 

were collected from the virtual skeleton database (VSD) 

which contains multi-sequence MR scans and gold standard 

results given by experts and named as brain tumor 

segmentation (BraTS2013) [11]. The datasets include 

high-grade and low-grade gliomas (HGGs and LGGs). 

Images in the dataset were registered to a common space, 

re-sampled to 1mm × 1mm × 1mm resolution and image 

dimensions of 240 × 240 × 155 voxels. 

Qualitative result of proposed segmentation is shown in 

Fig.3. The first column shows the original images, the 

second column denotes segmented obtained image by the 

proposed method, the third column means actual image 

given by experts. The proposed method works well in 

multimodal images (FLAIR and T2) available in the 

BraTS2013 dataset. Qualitatively, the current method gives 

the closest result with the actual result. In quantitative 

analysis, the current method yield 80.12% of Dice accuracy 

with 6.8% of deviation and 84% of accuracy with 10% of 

deviation. This segmented result shows that the proposed 

method works well and good in both HGG and LGG Glioma 

segmentation.

 

 

                                                            (a)                               (b)                             (c) 

 

                                                            (d)                                (e)                            (f) 

Fig. 3. Qualitative results of the proposed method on BraTS2013. (a) HGG FLAIR image (b) Segmented image (c) 

Gold standard image (d) LGG T2 image (e) Segmented image (f) image (c) Gold standard image 
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(a)                                                                     (b) 

Fig. 4: Tumor volume construction (a) Actual tumor volume given by the experts (b) Obtained tumor volume by the 

current method 

Table 1: Quantitative results of volume estimation on actual tumor volume (mm3) 

No

. 

Volume 

Name 

Rectangul

ar 

Estimator 

Cavalieri 

Estimator 

Trapezoidal 

Estimator 

Parabolic 

Estimator 

Simpson 

Estimato

r 

Durand’ s 

Estimator 

1 HG0001 112856 110369 112978.5 0 114554.2 113023.7 

2 HG0002 59566 58108 59452.5 0 59564.46 59466.8 

3 HG0003 119149 117284 119660 119256 117891.6 119676.8 

4 HG0004 101808 99609 101832.5 0 102612.8 101844.6 

5 HG0005 57278 56339 56808.5 56949.67 55818.13 56773.2 

6 HG0006 172916 168487 172860.5 0 173466.3 172912.4 

7 HG0007 68473 65910 67191.5 0 67501.58 67216.8 

8 HG0008 185445 181953 184745 184819.3 183896.8 184710.4 

9 HG0009 166963 163385 166733.5 167117 165811 166760.6 

10 HG0010 15497 15403 15574 15671.33 13548.38 15593 

11 HG0011 123435 120593 123437.5 123335 122565.8 123465.5 

12 HG0012 19034 18607 18948 0 18827.21 18933.5 

13 HG0013 13949 13482 13814 13805.33 13042 13825.1 

14 HG0014 155223 151735 153802 0 154825.3 153613 

15 HG0015 141175 137582 140692 141520 140851.6 140726.5 

16 HG0022 101600 101573 103137.5 0 102872.4 103151.7 

17 HG0024 105294 102645 104202.5 104060.3 101416.5 104225.1 

18 HG0025 86856 85082 86616.5 0 86626.67 86634.8 

19 HG0026 66762 63963 66808 0 66110.92 66787.5 

20 HG0027 126336 121890 124862 0 124846.2 124849.9 

21 LG0001 29126 26511 29377.5 0 30226.33 29380.2 

22 LG0002 210553 206461 210561.5 0 210825.7 210598.2 

23 LG0004 47919 46747 47705 47372.67 45843.46 47652.2 

24 LG0006 27177 24377 25979.5 26197 25399.17 26073 

25 LG0008 32377 30900 31726 31796.67 30388.17 31723.4 

26 LG0011 51841 50669 51523.5 0 51560.25 51543.8 

27 LG0012 42178 41141 42680 42823.33 40775.29 42709.1 

28 LG0013 72130 70001 72031 0 72767.21 72043.9 

29 LG0014 20429 18878 20566 20331.33 19319.5 20586.7 

30 LG0015 29309.5 28856 29309.5 29325.67 28572 29319.9 

AVG 85421.82 83284.67 85187.2 37479.3 84744.23 85194.04 
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Table 2: Quantitative results of volume estimation on proposed method (mm3) 

 

No. 
Volume 

Name 

Rectangular 

Estimator 

Cavalieri 

Estimator 

Trapezoidal 

Estimator 

Parabolic 

Estimator 

Simpson 

Estimator 

Durand’ s 

Estimator 

1 HG0001 108790 106424 108795 0 109087.2 108805.7 

2 HG0002 48677 47304 48671 48738.67 48576.83 48674.6 

3 HG0003 153561 150309 153570 153684.7 153443.5 153575 

4 HG0004 106722 104350 106737 0 106671.1 106745.4 

5 HG0005 60173 58871 60148 0 60170.58 60167 

6 HG0006 179702 175680 179704 179844 179068.7 179717.3 

7 HG0007 88254 85147 88268.5 0 88321.63 88276.6 

8 HG0008 200092 195691 200099.5 200053 199746 200108 

9 HG0009 219073 214705 219193.5 219429.7 218133.8 219219.8 

10 HG0010 15925 15217 15928 15926.67 15733.58 15936.7 

11 HG0011 144279 141227 144340.5 0 144596.2 144351.5 

12 HG0012 20615 19742 20605 0 20607.29 20610.8 

13 HG0013 10823 10286 10849 10855.33 10654.75 10859.2 

14 HG0014 141369 138077 141356 0 141263.5 141376.8 

15 HG0015 180942 176493 180856 0 180606.8 180866.4 

16 HG0022 84591 82328 84570.5 84582.33 84246.25 84581.4 

17 HG0024 83623 81158 83613 0 83754.13 83630.2 

18 HG0025 111532 108614 111478.5 0 111662.4 111508.2 

19 HG0026 121670 121495 123204 0 122524 122903.8 

20 HG0027 121537 118293 121536.5 121246.3 120982 121547.2 

21 LG0001 30672 29854 30763 30690 30043.88 30783.6 

22 LG0002 241684 236312 241707 241807.3 241117.5 241732.6 

23 LG0004 58873 57339 58968 59042 58539.71 58978.2 

24 LG0006 22468 21649 22508 0 22468.38 22512.4 

25 LG0008 24737 23736 24702.5 24724.33 24191.42 24757.5 

26 LG0011 53171 51726 53178 0 53175.58 53203.7 

27 LG0012 42725 41036 42701 42728.67 42262.5 42708.1 

28 LG0013 77419 75106 77394 0 77509.63 77421.3 

29 LG0014 16359 15459 16344.5 16265 15855.75 16353.7 

30 LG0015 34808 33645 34817.5 34863 34313.54 34838.2 

AVG 93495.53 91242.43 93553.57 49482.7 93310.94 93558.36 

 

 

 

Tumor volume construction is an essential task after 

segmentation which helps to visualize the tumor location, 

size and aggressiveness. Volume construction requires 

several parameters such as segmented tumor images in 2D, 

inter-slice gap, size of the images, and type of rendering. 

Volume construction is done through the 3D Doctor software 

[12]. Qualitative result of volume rendering is shown in Fig. 

4. Tumor volume visualizes in 3D form give an accuracy of 

the proposed method. Figure 4 shows that the actual and 

obtained results are almost similar to each other. 

Quantitative results of volume construction estimate by 

various volume estimators are given in Table 1 and Table 2. 

Table 1 shows the results of tumor volume for the gold 

standard in mm3. Table 2 shows the results of tumor volume 

obtained by the proposed method. Seven volume estimators 

are used between actual and obtained tumor volume. From 

the tables, the results show that obtained tumor volume in 

size is less than actual tumor volume. This under estimation 

is due to 20% of segmentation loss, measured by the Dice 

metrics. Segmentation loss occurs because the current 

method has some difficulty to extract the edema region 

around the tumor (Fig. 3 (d) and (e)). 

Comparison of estimator’s results on actual and obtained 

tumor volume is consolidated in Table 3 with deviation. All 

the six estimators give around the same except parabolic 

estimator because parabolic estimator is computed when the 

volume has an odd number of slices. The volume has even 

number of slices omitted. Among the remaining five 

estimators, Cavalieri estimator is the best with less error rate 

in mm3 and yield maximum accuracy.  
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For systematic sampling, the rectangular method is not 

suitable and Cavalieri’s estimator is the best one especially 

for irregular brain regions [6]. These results conclude that 

the Cavalieri’s estimator is the best suitable method for brain 

volume estimation. 

Table 3: Comparison of volume estimators 

Estimator 

Name 

Actual 

Tumor 

Obtaine

d Tumor Deviation 

(mm
3
) (mm

3
) (mm

3
) 

Rectangula

r Estimator 

93495.5

3 85421.82 8073.71 

Cavalieri 

Estimator 

91242.4

3 83284.67 7957.76 

Trapezoida

l Estimator 

93553.5

7 85187.2 8366.37 

Parabolic 

Estimator 49482.7 37479.3 12003.4 

Simpson 

Estimator 

93310.9

4 84744.23 8566.71 

Durand’ s 

Estimator 

93558.3

6 85194.04 8364.32 

IV. CONCLUSION 

This current work resolved a reliable assessment of 

Glioma tumor segmentation and volume estimation. This 

work also suggests suitable volume estimator for brain tumor 

volume estimation. Run length and region growing 

algorithms are used to segment the tumor region with the 

help of 8 × 8 patches. The proposed method gave 80.12% of 

Dice similarity with 6.8% of deviation on BraTS2013 

dataset. Finally, this paper concludes that the Cavalieri’s 

estimator gives more accurate results with less deviation. 
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