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Abstract: The frequency of defects in the neurological system and soft 

tissues is gradually rising, and magnetic resonance imaging (MRI) is the 

most effective evaluation technique. The brain tumor MR image 

segmentation functions include qualitative analysis of infected and normal 

tissues and image reconstruction of the afflicted (diseased tissues). The 

shape, size, and position of lesion tissues, suitable diagnostic methods, and 

illness diagnosis affect how accurately an image can be segmented from a 

medical standpoint. The results of this study rely on the Multi-Perspective 

Scaling Convolutional Neural Networks (MPS-CNN) model for more 

precisely and successfully segmenting brain tumors. The suggested CNN 

model is provided with multi-scale inputs to avoid the need to choose the 

suitable input scale based on the tumor size, neighbourhood tumor analysis 

based on scaled images, and adoption towards diverse tumor sizes. 

Therefore, the segmentation accuracy can be improved using the input 

multi-scale brain tumor images. Additionally, the multi-scaling 

segmentation process speeds up, ensuring real-time segmentation. The 

brain images in the MRI can be successfully segmented using this scaling 

approach, which improves generalization. It is used to forecast the MRI 

brain lesion tissue. In the MATLAB environment, the simulation is run. 

Comparisons are made between the projected MPS-CNN and popular 

techniques like CNN, FCN, U-Net, SegNet, Deep V3, and Deep FCN, and 

in contrast to other methods, the MPS-CNN demonstrates a better trade-

off. 

Keywords: Magnetic resonance imaging (MRI); segmentation, multi-scaling; 

convolutional neural networks; brain tumor. 

1 Introduction 

With the faster advancements in medical imaging, various technologies with newer insights are 

constantly emerging, and the processing of medical images has been advancing in recent times [1]. 

Similarly, there is rapid growth in Artificial Intelligence and Neural Networks that are extensively utilized 

in image processing. The advent of Convolutional Neural Networks (CNN) in deep learning gives higher 

accuracy and leads to wider adoption of the technique in various applications [2]. However, the complexity 

of real-time problems shows that there is no proper universal network model to handle the complexity 

during the decision-making process. However, this investigation studies various CNN models for dealing 
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with various practical problems [3]. Before performing image segmentation, some MR images show poor 

image quality and pose huge noise. It is essential to know that de-noising techniques should not affect the 

segmentation accuracy [4]. Thus, de-noising should be analyzed first. Medical imaging examines the 

observation of organ tissues that should not affect the human body. Various medical imaging devices are 

manufactured and invented for analyzing medical images accordingly [5].  

The process of transmitting and acquiring medical images shows practical issues like optical system 

deviation, imaging system distortion, and image uncertainty, which cause image degradation and introduce 

some noise during transmission [6]. The noise occurrence may lead to a sub-merge of some image 

characteristic information and image details with the image noise. Thus, it hinders the diagnosis of disease 

more appropriately by doctors. Similarly, based on radiation dose over patients’ bodies, the adoption of 

low-dose imaging has recently become trending. Moreover, low-dose imaging can introduce image noise 

[7]. Assume the matrix format comprises image blocks with lower ranks, and the image information is 

stored in the sparse region. The image is constructed with the block matrix and sparse region with low-rank 

decomposition. Thus, these two factors (block matrix and sparse region information) are merged to acquire 

sparse low-rank dictionaries.  

Generally, sparse representation is used for approximating a noiseless image. A block matrix with a 

sparse low-ranking dictionary can reduce the loss of image information and attain the finest denoising image 

[8]. Various experiments have been conducted to show the denoising effect’s consequences. Clinically to 

avoid damage to the blood vessels during patients’ surgery, it is essential to segment blood vessels in MRI 

imaging. Some MRIs have artifacts and noises and interfere with segmentation noise. Thus, this work 

concentrates on image denoising and performs concurrent segmentation and detection. It is known that 

CNN possesses a better feature extraction process over image features and models an efficient CNN to 

realize coarse segmentation and location of vessels. The anticipated network extracts the global features 

and locates the target from multiple perspective scaling. The multi-scaling segmentation outcomes are 

attained based on target boundaries. The segmented image passes through the contour and the distance-

based regular level set model to attain better segmentation outcomes and acquires the finest segmentation 

results of brain images. The normal MR brain and tumor region are shown in Fig 1. 

 

Figure 1: MRI Brain Image 

Medical image segmentation is an obligatory stage during the processing of MRI for quantitative 

analysis, object extraction, and 3D medical image reconstruction [9]. The target is to partition the MR image 

regions that possess similar and same features from the chosen image where the region does not intersect 

with one another, i.e., lesions with the same features and other Region of Interest (ROI) from the image 

background [10]. MRI uses the nuclear magnetic resonance principle, which gives higher soft-resolution 

tissues and provides 3D brain image information with higher resolution and better contrast. Hence, the 

appropriate 3D medical image segmentation on MR images has become essential in medical image research 
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[11]. Conventional medical image segmentation techniques are partitioned into three types. 1) automatic 

segmentation process, which performs mapping based on deformation and active apparent model; 2) semi-

automatic segmentation process, which performs appropriate control over the provided parameters, but it 

consumes more time during the parameters adjustment process; 3) manual segmentation process, which is 

more time-consuming, tedious, error-prone, subjective, and not appropriate for large-scale research purpose 

[12]. The models mentioned above’ performance is performed with a simple registration process; however, 

it shows extensive differences among the hippocampus [13]. It is still a simple process to attain better 

efficiency and accuracy [14]. Deep Learning (DL) has recently been used in various applications in image 

processing and Artificial Intelligence [15].  

This work adopts a multi-perspective scaling-based CNN model to address the issues associated with 

2D and 3D MR images. The former model ignores the correlation among the voxels, and the latter method 

involves more computation. Initially, this work segments the 2D slices of brain image in cross-sectional 

and coronal views. Then, the multi-perspective scaling is integrated to average the image scaling to acquire 

better segmentation results. The MPS-CNN model used in this work comprises a scaling process in multiple 

perspective views for decision-making, expanding the receptive field for acquiring multi-scale information 

and reducing the computational complexity. The convolution layer comprises various sizes (scales) of MR 

images with the whole convolution. Additionally, the MPS-CNN model performs a simple multi-scaling 

process to resolve the discontinuity among the 2D image slices in a single view. The successive sections of 

this work are Section 2 is related works; Section 3 is methodology; Section 4 is numerical results and 

discussions; and Section 5 is the conclusion with future research directions. 

2 Related Works 

Generally, the Deep Learning (DL) algorithm outperforms the segmentation process compared to 

traditional computer vision-based techniques. The investigators used an extensive biomedical image 

segmentation process with impressive DCNN performance to attain better state-of-the-art accuracy during 

the brain tumor segmentation process.  

Xia et al. [16] discuss 2D U-Net architecture for automatic brain tumor segmentation. Diverse data 

augmentation processes were adopted with soft-dice loss functions to enhance network efficiency to 

alleviate class imbalance issues identified with the available data. Wang et al. [17] modifies the previous 

NN model used for brain segmentation task and adopts it for multi-modal MRI data input. Similarly, 

ScaleNet integrates the functionalities and concatenation of backend and frontend networks. Thus, this 

process facilitates generalization and scalability. Liti et al. [18] model an architecture that integrates a 

traditional variational level set and a fully convolutional network (FCN). The newer model is termed a deep 

recurrent level set that works effectually in segmenting tumors compared to conventional models by 

enhancing the rudimentary scales in the deep learning framework. Ronneberger et al. [19] initiated an idea 

known as the autofocus layer that improves the multi-scaling network processing and learns via an attention 

process to choose the optimal scaling for object prediction in medical images. The convolutional layers 

(dilated) enhance the representation and interpretability of network capacity, leading to enhanced tumor 

segmentation.  

Dong et al. [20] recommend a fully convolutional network trained to learn the region tasks and 

boundaries and to extract contextual MRI information with less computational cost resourcefully. Based on 

this similar architectural model, The author anticipates an FCN model for capturing more sophisticated 

characteristics via feature recombination and initiating recalibration of structural blocks. Li et al. anticipate 

a multi-task CNN by merging and training various classifier tasks during brain tumor segmentation based 

on interference process and correlation via a one-pass computational strategy. Isensee et al. anticipate a 

weakly supervised U-net model which adopts scribble-based modelling. The author initially trains the 

network on entire tumor scribbles before providing the global labels for the appropriate sub-structure 

segmentation process. Some other network models are trained to provide the same results as the trained U-

net for segmenting tumor core and precisely enhancing the prediction process. Yang et al. anticipate a 3D 

deep cascaded attention network, considered a complex architecture compared to other cascaded 
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architecture. The model dealt with multi-class segmentation tasks via separate branches and shared feature 

extractors. The provided model extracts correlation information among the sub-regions through cascaded 

attention techniques for further guidance.  

The author anticipates a ranking model based on the submission of the BRATS 2018 challenge with an 

encoder/decoder-based CNN framework. This framework augments a variational encoder for regularization 

by facilitating original input image reconstruction. During the training process, the proposed model crops 

the image size to 160*192*128 and batch size as 1, with no appropriate employment of the training dataset. 

Milletari et al. anticipate an approach for handling the challenge with lesser replacements performed over 

the conventional U-Net architectures. The anticipated 3D U-Net model or no-new-Net model replaces the 

ReLU activation functions with instance normalization, leaky ReLU, and batch normalization. The training 

was carried out by the anticipated model with batch size 2 and patch size (image) as 128*128*128. This 

architecture is used for training the scratch with hyperparameters variation, which is expanded and utilized 

as a part of the ensemble. While dealing with the U-Net model, the author integrates dilated convolution 

with DenseNet architecture to train the input with newly labelled loss function certainty. The tensor flow 

fed to the network was provided with a dimension of 2*4*5*192*192 with a batch size of 2. Akkus et al. 

modelled an ensemble approach comprising diverse enhanced CNN frameworks trained to learn certain 

contextual information that pretends to give an appropriate prediction process. 

Milletari et al. examine 3D and 2D CNN models adopted to design brain tumor segmentation techniques. 

Generally, the 3D CNN model has huge benefits by holding 3D information of MRI volume-metric data. 

Moreover, the network size is higher than the 2D CNN model. This leads to higher computational 

complexity. Therefore, 2D-CNN has been extensively used for brain tumor segmentation. Various 

investigators have concentrated on 2D CNN with three orthogonal patches to overcome the computational 

challenges for 3D processing and merge the contextual information of 3D images. The author anticipates 

an effectual dense training model by processing the adjacent patches with one pass. The author has used a 

dual pathway framework to merge the larger and local contextual information. In the final stage of 

processing, a 3D fully connected conditional random field is utilized for segmenting softly, which removes 

the false positive effectually. Srinivas et al. exploited local and global contextual features using two diverse 

CNN paths by concatenating the last layers of CNN. The author uses a two-phase training process that 

patches from a true distribution with an imbalanced dataset to eliminate data imbalance. The network 

modelling is extended with another network and integrated with the final layer. Subsequently, the author 

used a productive and efficient dense training model to merge the adjacent image patches with the one-pass 

network. This dual path models global and local features. 

This work concentrates on modelling an improved CNN model, which shows slight variation from the 

prevailing approaches and gives superior outcomes and an appropriate prediction process compared to 

uniform weighting. This process is modelled to construct an automated brain tumor segmentation technique 

for resourceful tumor delineation into intra-tumor classes with enhanced accuracy and efficiency contrary 

to prevailing approaches. The anticipated model is compared with prevailing approaches to show the 

improvement in the results. 

3 Methodology 

This section discusses the Multi-Perspective Scaling Convolutional Neural Networks (MPS-CNN) 

model for more effectually and accurately segmenting brain tumours. Here, the dense connection 

mechanism is introduced. The full convolution network and dense connection with the multi-perspective 

scaling concept are integrated and termed as Multi-Perspective Scaling Convolutional Neural Networks 

(MPS-CNN). This model adopts a multi-scale convolutional kernel form an extensive NN and increases 

the extensive segmentation information. At last, the fusion strategy is merged with the MRI image to form 

the E2E network model. Therefore, the performance of the anticipated MPS-CNN model is improved.  

Consider an input MR image 𝑥0 which is fed to the conventional CNN model, which is composed of 

′𝑁′ layers where the 𝑁𝑡ℎ the layer is provided as 𝑥𝑛 where the output layer is transformed as 𝐻𝑛(𝑥) from 

the previous layer output, which is expressed as in Eq. (1): 
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𝑥𝑛 = 𝐻𝑛(𝑥𝑛−1)           (1) 

Here, 𝐻𝑛(𝑥) is provided as non-linear transformations like batch normalization/ReLU, pooling, and 

convolution layers. In a conventional feed-forward network, the output of one layer is given as the input of 

successive layers. Here, the network is extensive and explosive problems are encountered in the gradients 

more seriously. To resolve this crisis, the anticipated model initiates a residual block that integrates 𝐻𝑛(𝑥) 

response with the mapping identified from the previous layer, which is expressed as in Eq. (2): 

𝑥𝑛 = 𝐻𝑥(𝑥𝑛−1) + 𝑥𝑛−1          (2) 

The preliminary benefits of this model are provided by the fact that the gradients are given to successive 

layers directly via the identity function. Moreover, the output and identity functions are merged by 

summation, hindering the information flow of the provided network. The deeper and denser network 

enhances the information flow where the dense connection is provided in an extreme manner, where the 

feature map outputs are concatenated iteratively in a feed-forward manner. Therefore, 𝑥𝑛 is expressed as in 

Eq. (3): 

𝑥𝑛 = 𝐻𝑥([𝑥0, 𝑥1, … , 𝑥𝑛−1])          (3) 

Here, [𝑥0, 𝑥1, … , 𝑥𝑛−1]  is feature map concatenation provided by 𝑥0, 𝑥1, … , 𝑥𝑛−1. 𝐻𝑥  is batch 

normalization along with ReLU, convolution, and dropouts. The connectivity facilitates the super-vision 

signal from successive layers and the feature maps among the network. It can be re-used when needed. The 

layers output with feature maps generally holds smaller values. It benefits in feature map flow. Parameter 

analysis and obstruction are extremely advantageous for analyzing and segmenting the essential 

information extraction from MR images. It is extremely harder to train a deep network with a huge number 

of parameters with reduced labelled data. 

 

Figure 2: CNN Architecture 

The overall CNN network model is given in Fig 2. It comprises two elements for up-sampling and down-

sampling to complete the training process. These two elements adopt dense connections to enhance the 

network information flow. Here, a skip connection is established among the encoding and decoding paths 

to acquire fine-tuning information from the layers. Also, there is a bottleneck encountered between the 

encoder and decoder. It possesses two essential features, where the former is feature map aggregation with 

prior layers, and the latter is to diminish the number of input feature maps to enhance the anticipated 

model’s computation efficiency. Unlike conventional CNN, this model also possesses a pooling layer which 

performs a down-sampling process. The preliminary purpose of this method is to compress the feature 

mapping process and to expand the receptive field. It can effectively reduce the convolutional layer 

parameters and enhance the learning process. Generally, the feature map output of the pooling layer is 

composed of low spatial resolution. Here, the convolution operation is performed in up-sampling to enhance 

the feature map resolution. 
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Based on the occurrence of pooling layers, it is not viable to map features with various sizes. The down-

sampling and up-sampling processes are provided over the network for partitioning the dense network as 

the dense block where these blocks are composed of various transformation layers with a better connection. 

When the input data 𝑥0 possesses ′𝑛′ channels, the output of the first layer can generate the output as 𝑥1 by 

adapting 𝐻1(𝑥0). The anticipated model comprises 3*3 batch normalization, ReLU, and conv-dropouts. 

The feature maps are concatenated with [(𝑥0: 𝑥1)] and provided as input to the successive layers. The 

output of the second layer is concatenated with (𝑛 + 𝑘) input and provided as input for other layers. This 

operation is repeated to form a new dense block with output as (𝑛 + 𝑘 ∗ 𝑘)  feature maps. The 1*1 

convolution layer is provided with a 2*2 pooling layer and specified as a transition among the dense block 

in the down-sampling/up-sampling path. It comprises a transition module with transposed convolution to 

recover input spatial resolution. The final layer is the encoder path which comprises the dense block.  

The skip connection is established among the up-sampling and down-sampling paths to reconstruct the 

spatial resolution. After the evaluation, the up-sampling and down-sampling are concatenated with 

transition modules to generate the dense block. The skip connection can merge feature maps of diverse 

resolutions from these paths. For example, these layers merge the layers with low-level information for 

evaluating the objects and utilize higher-level network information for computing the object. It specifies 

that the deconvolution layer parameters are easier to learn. Subsequently, skip connection does not add any 

added parameters. The softmax output layer follows the dense block. It reduced the normalization sum of 

nominal loss over the patches and expressed as in Eq. (4): 

𝑙𝑜𝑠𝑠 =  
1

𝑁
∑ ∑ 𝑦𝑗

𝑖 log (
exp(𝑧𝑗

𝑖)

∑ exp(𝑧𝑗
𝑖)𝑘

𝑛=1

)𝑘
𝑗=1

𝑁
𝑖=1         (4) 

Here, ′𝑁′ is number of pixel patches, ′𝑘′ is number of classes, 𝑦𝑗
𝑖 is pixel labels, and (𝑧1

𝑖 , 𝑧2
𝑖 , … , 𝑧𝑘

𝑖 ) is 

predictor vectors respectively. 

 

Figure 3: Dense CNN Architecture 

3.1. Multi-Scaling CNN Model 

The advantage of a densely connected network improves the strength of feature reuse and gradient flow 

among the layers, as in fig 3. Therefore, it leads to the deepening of the network and those outcomes in a 

superior network model for segmentation. The high-resolution MRI includes background and foreground 

regions where the object size is smaller than the background region. Therefore, the appropriate prediction 

of tumor region and boundaries is essential. Inspired by the architectural and network model with the 

inception module, the dense block component is enhanced with the adoption of the diverse convolutional 

kernel to improve the network and enhance the richness towards the segmentation of images with a multi-

scaling CNN model. The dense block with multi-scale CNN comprises various filters with diverse sizes 

like 1*1, 3*3, and 5*5. It is composed of three blocks, where every block is adopted with various filters 

and a dense connection mechanism. It covers only one pixel with 1*1 kernel slides over feature mapping. 

The other two types of kernel sizes concentrate on the localization of spatial structures due to the receptive 

fields.  



 

                                                                                                                                        JCSIT, 2022, vol.03, no.03 

36 | P a g e  

 

The dense block with multiple scaling filters can attain segmentation information from the available 

image pixels from various physicians’ perspectives. The feature maps are extracted from various branches, 

merged with the dense block concatenation operation, and used as input for successive models. Thus, the 

complete network uses a dense network with multi-scale filters is more advantageous in dealing with dense 

network depth. The multi-scaling dense network block is comprised of three filters and concatenated 

repeatedly with the output of previous layers where the input of layers dimension is linearly increased. 

Reducing the feature mapping channels is essential for superior efficiency with memory space. Some slight 

variation is carried out in up-sampling and down-sampling paths to handle this drawback. Thus, the 

convolutions are applied to feature map concatenation attained by layer output in the dense block, and all 

the feature maps are not concatenated. The layers in the network are related to three diverse kernels: 1*1, 

3*3, and 5*5, where the decoder layer comprises 3*3 convolutions. 

4 Results and Discussion 

Here, the performance of the anticipated Multi-Perspective Scaling Convolutional Neural Networks 

(MPS-CNN) is examined with an online available UCI machine learning repository for brain tumor 

segmentation. The efficiency of the MPS-CNN model is analyzed for labelling high-resolution MR images. 

The performance of the anticipated MPS-CNN model is compared with prevailing approaches like 

traditional CNN, SegNet, FCN, U-Net and Deep V3 models, where the numerical results are provided for 

validation. Comparative experimentation is carried out to examine the nature of the multi-scaling CNN 

model, which includes the growth rate value and network depth.  

The dataset provides reference towards the image boundaries for segmenting the tumor region with each 

class of pixel radius. The input image regions that are eroded are eliminated from the evaluation process. 

Therefore, the uncertain edge regions are given higher significance. This process includes metrics like F1-

measure and accuracy computation. The segmentation accuracy provides essential information regarding 

the appropriately classified pixels. Moreover, the major disadvantage of this process is its tendency towards 

the biased class while dealing with a huge number of samples. It concentrates on small classes to large 

classes. The F1 score is more specific and independent of class sizes, whereas the mean relies on recall and 

precision. 

Table 2: Simulation setup 

Parameters Values 

Training set identifier 2, 4, 6, 8, 10, 12, 14, 16, 18, 20 

Validation set identifier 11, 13, 28, 31, 35 

Average size 2494 * 2064 

Data Brain MR images 

Augmentation Sliding window, random cropping 

Samples for training  33674 

Image size (training) 256 * 256 

Batch size 8 

 

The high-resolution MR brain images are larger for processing with the MPS-CNN model, where the 

available dataset is provided with extremely labelled data. The dimension of the proposed MPS-CNN model 

is 2494 * 2064, which is fully annotated. The input image is cropped to augment the image size for further 

training. This process can reduce the overlapping of small patches. It helps to save computation and batch 

training. The prediction of boundary smoothness eliminates the discontinuities. The conventional method 

expands the training data size to carry out data augmentation. The augmentation process is done with a 

sampling and cropping process. The training image of input size is attained, and the class frequencies are 

uniform. The number of classes and randomness are considered for batch input images. The input dataset 
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size is 256 * 256. The multi-scaling considers scales 20, 40, 60, and 100, respectively (See Fig 4). Table I 

depicts the parameter setup for evaluating with CNN. 

 

Figure 4: Multi-Scaling Process 

 

Table 2: F1-measure and Accuracy Computation 

Approaches F1- measure Accuracy 

CNN 78.83 83.25 

FCN 83.84 87.53 

U-Net 84.59 89.39 

SegNet 84.78 88.23 

Deep V3 83.89 88.65 

Deep FCN 85.62 88.87 
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MPS-CNN 87.75 90.42 

 

 

Figure 5: Graphical Representation of Performance Metrics 

 

Table 3: Computation Time Evaluation 

Approaches Training time Testing time 

CNN 12 hours 1.25 seconds 

FCN 8 hours 1.05 seconds 

U-Net 8 hours 0.80 seconds 

SegNet 8.5 hours 0.85 seconds 

Deep V3 9 hours 1.85 seconds 

Deep FCN 12 hours 1.20 seconds 

MPS-CNN 10 hours 1.25 seconds 
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Figure 6: Computational Time Comparison (Training time) 

 

Figure 7: Computational Time Comparison (Testing time) 

Table II explains the performance metrics of F1-measure and accuracy for analyzing the efficiency. 

Here, approaches like CNN, FCN, U-Net, SegNet, Deep V3, Deep FCN, and MPS-CNN exist. The F1 

measures are 78.83, 83.84, 84.59, 84.78, 83.89, 85.62 and 87.75, respectively. Similarly, the accuracy of 

the methods, as mentioned earlier, is 83.25, 87.53, 89.39, 88.23, 88.65, 88.87, and 90.42, respectively. 

Similarly, the computational time during training and testing time is shown in Table III. The training time 

consumes more time, while the testing time is smaller than the training process. The existing model 

consumes 12h, 8h, 8h, 8.5h, 9h, 12h, and 10h, respectively. Similarly, the testing time for the provided 

samples is as 1.25 sec, 1.05 sec, 0.80 sec, 0.85 sec, 1.85 sec, 1.20 sec, and 1.25 sec respectively (See Fig 6 

and Fig 7). 

5 Conclusion 

Recently, CNN has become more popular among the research community for analyzing MR brain 

images based on the powerful competency to learn the contextual nature of images. Moreover, the CNN 

model possesses certain limitations; for example, when the strength of the layer is higher, it leads to 

0

5

10

15

T
im

e 
(h

o
u

rs
)

Existing Vs Proposed approaches

Computational Time

0

0.5

1

1.5

2

T
im

e 
(s

ec
o

n
d

s)

Existing Vs proposed appraoches

Computational Time



 

                                                                                                                                        JCSIT, 2022, vol.03, no.03 

40 | P a g e  

 

complex training, and the number of parameters leads to a higher memory burden. Additionally, CNN 

training is extremely time-consuming and generally needs a lot of labelled data. Also, the prevailing CNN 

model is modelled for diverse natural images and does not consider certain features and complexities of 

MR brain images. A novel Multi-Perspective Scaling Convolutional Neural Network (MPS-CNN) is 

designed for brain tumor segmentation. This model possesses various advantages by strengthening the 

information extraction among the layers via a dense connection mechanism and addresses the gradient 

problem. Thus, the network is considered to be more efficient and accurate. Next, the computational time 

for training and testing is reduced for improving feature parameters and reuse even in the deep network 

model. It is essential for various medical applications with constrained training data. Thus, it performs 

better with UCI Machine learning approaches without added obstacles. In the future, the optimization model 

is added with the proposed MPS-CNN model for attaining global stability. 
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