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Abstract: Manual diagnosis of tumors on magnetic resonance images (MRIs) entails more time and doing so 

increases the risk of human error and incorrect tumor type identification and classification. Cells develop quickly 

and uncontrollably, which causes brain tumors and may cause death unless handled in the beginning stages. 

Therefore, a transfer learning framework for brain tumor classification is presented to simplify the task of healthcare 

professionals by automating tough medical processes. MRI image analysis was done on a publicly available dataset 

from Kaggle. The proposed method is implemented on VGG16, ResNet50, EfficientNetB0, and U-Net architectures. 

Training accuracy and test accuracy of all these four neural architectures compared and results that U-Net performs 

better in the classification of brain tumors compared to the other networks. 
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1. Introduction 
A group of illnesses known as tumors are characterized by abnormal cell growth that might invade 

and spread [1,2] to different parts of the body. The six hallmarks of cancer are present in all tumor cells. 
These qualities are required in order to develop cancerous growth.  

They are as follows: Without the necessary signals, cell growth and division are inhibited. Even when 
given contradictory signals [3,4], there is constant development and division. There is no limit to the 
number of cell divisions that can be made. 

Transfer learning is a prevalent computer vision strategy since it allows us to produce accurate models 
quickly. Transfer learning starts using patterns discovered when handling a different problem [5], as 
opposed to commencing from scratch. Consider it the deep learning equivalent of Chartres' standing on 
the shoulders of giants. It is typical to import and use models from the literature because of the high 
computational expense of training such models. Figure 1 demonstrates the transfer learning technique. 
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Figure 1. Transfer Learning technique (Source: https://learnopencv.com). 

2. Literature Survey 
The human body's most crucial organ is the brain. It is necessary to detect brain-related illnesses early 

on. A broad spectrum of professionals has supported disease segmentation using a number of mechanical 
frameworks. Several analyzers have utilized data from MRI brain scans [6] and other sources. 

Multiple transfer learning techniques were proposed to categorize and diagnose brain tumors in MRI 
images. In this research, transfer learning methodologies were reviewed and assessed, with VGG16 
proving accurate. 

This study used pre-trained neural networks to enhance [7] classification accuracy and training time. 
Excellent performance is achieved with a small number of training samples, saving time. 

Deep learning-based. Using this method for identifying and categorizing cancer MRIs, glioma and 
meningioma are recommended as malignant tumor.  

Current advances in brain tumor segmentation and classification using deep learning [4] investigated. 
This method suffers considerably due to a low accuracy score and a lack of resilience. Automated brain 
tumor classification, which attempts to enhance efficiency and accuracy [3] over manual classification. 
This approach has a training accuracy of 97.5 percent. To boost accuracy, a CNN architecture is used. 
The validation accuracy and validation loss of a model may be used to determine its quality.  

A CNN-based technique is employed in this study to categorise glioma tumour [7] MR images. It has 
been shown that the suggested genetic algorithm utilised in the procedure outperforms comparable 
literature. High-performing and accurate automated [8] brain tumour classification system. A CNN-based 
categorization is utilised to improve accuracy and reduce computation time. 

3. Proposed Methodology 
The Deep Learning Specialization is a foundational study that will prepare you to contribute to the 

evolution of cutting-edge artificial intelligence technology by familiarising you with the capabilities, 
problems, and consequences of deep learning. 

Convolutional neural networks, unlike ordinary conventional networks, are made up of neurons that 
have the appropriate biases and weights. Numerous approaches for examining the parameters of general 
neural networks are equally relevant to CNNs. CNN designs explicitly declare that the networks' inputs 
are pictures, enabling the design to include such qualities. 

Convolutional neural networks make use of three critical concepts when developing a machine 
learning system are sparse interactions, equivariant representations, and parameter sharing. All these 
factors contribute to the forward mechanism's performance and significantly lower the network's 
parameter count. Additionally, it allows for the processing of inputs of varying sizes. 

3.1. Two-Dimensional Convolution over Grey Scale Images 
The most often used kind of convolution is the two-dimensional convolution layer. A filter or kernel 

glides across the 2-dimensional input data in a 2-dimensional Convolution layer, performing 
multiplication with each and every element. As a result, the output pixels will be compressed into a single 
pixel. The kernel will repeat this procedure for each pixel it slides over, turning a two-dimensional feature 
matrix to a two-dimensional feature matrix. We multiply the filter with first 3 × 3 matrix obtained from 
6 × 6 image, as seen in Figure 2. First element of 4 × 4 output matrix will now be element-wise sum of 
these values, which is 3*1 + 0 + 1*−1 + 1*1 + 5*0 + 8*−1 + 2*1 + 7*0 + 2*−1 = −5.  
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Figure 2. Two-dimension Convolution Operation of a Grey Scale Image. 

To compute the second element, we will move the filter to the right one position and recalculate the 
sum of the element-wise products. 

3.2. Three-Dimensional Convolution over Color Images 
As with grayscale images, we will begin by selecting a filter of a specified size. The only modification 

will be that the filter will now be three-dimensional. The depth of the filter is defined by the number of 
colour channels in both our colour picture and the filter. As seen in Figure 3, we have an RGB picture 
that we desire to combine with the following 3D filter. As can be seen, the depth of our filter is composed 
of three 2D filters. For the purpose of simplicity, let us assume our RGB picture is 5 by 5 pixels. To 
prevent data loss during convolution, we are going to add zero padding to each of these arrays. 

 
Figure 3. After Convolution, Output Matrix is a 4 × 4 Matrix (Source: 
https://datascience.stackexchange.com). 

3.3. Padding and Stride 
When utilising convolutional layers, one difficulty that arises is that we lose pixels at the image's 

borders. Because we often utilise small filters, we may lose just a few pixels for each convolution, but 
this may accumulate over time as we put on several convolutional layers. Simple solution is to increase 
the effective size of our input picture by adding additional filler pixels around its borders, as demonstrated 
in Figure 4. Normally, the values of the additional pixels are set to zero. 

We begin with the convolution window at the top-left corner of the input image and move it down 
and to the right in all directions to calculate cross-correlation. Previously, we have always slid one piece 
at a time. However, we sometimes adjust our window more than once, bypassing nearby places for 
computational speed or to reduce sample size as shown in Figure 5. 
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Figure 4. Padding an Image with an Additional Border. 

 
Figure 5. Skipping the Adjacent Positions with stride = 0, stride = 1, stride = 2. 

3.5. Dilated Convolution 
Dilated convolution is a kind of computation in which dilatation filters are used. Then it may be 

utilized to enhance the receptive field while decreasing the parameter count. Three instances of the dilated 
convolution process are shown in Figure 6. Convolution occurs in the orange squares; the blue squares 
are filled with zeros and do not affect the result. Each layer has the same number of parameters as the 
previous one. Additionally, the operator * is referred to as a dilated or l-dilated convolution. Discrete 
convolution, which is well-known, is identical to 1-dilated convolution. Historically, the term "dilated 
convolution" was used to refer to the dilated filter convolution operator. 

 
Figure 6. Three instances of the dilated convolution process. (a) First Instance one (b) Second Instance  
(c) Third Instance  

Dilated convolutional neural networks may be used to incorporate multiscale contextual input and to 
enable exponential receptive field growth without compromising resolution. As a result, the dilated 
convolution operator is ideal for dense prediction scenarios. Semantic image segmentation is a 
computationally difficult predictive task that involves pixel-level accuracy combined with multi-scale 
background information, as well as labelling each pixel in the picture. Dilated convolutional neural 
networks may be used to reduce the topology of deep networks towards semantic segmentation. 
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3.6. Pooling 
A pooling operation generates a picture based on the outputs of the previous layer at a given location. 

As shown in Figure 7, the max pooling method delivers the greatest value contained inside a rectangular 
region. Max pooling selects the brightest pixels in the picture. It is advantageous when the image's 
background is dark and we are just concerned with the image’s brighter pixels.  

Pooling layer may lessen the resolution of feature representation, number of parameters, and amount 
of computation required. It is beneficial in a variety of ways for preventing overfitting. Between 
successive convolutional layers in deep CNNs, a pooling layer is often utilised. 

The feature representations now become approximately stable to moderate translation after a pooling 
operation. Translation invariance states that when a tiny fraction of the input is translated, the majority 
of the pooled data remain unchanged. When a feature is more significant than its specific location, it is 
preferable to be invariant to local translation. 

 

Figure 7. Convolutional networks are constructed by stacking smaller filters on top of a larger scale of 
input. 

The sparse interactions between input and output units of convolutional neural networks are widely 
known. This is made possible by keeping the filter size of CNNs smaller than the size of the input, shown 
in Figure 7.  

To begin, we need to store minimal parameters, which minimises the memory requirements of the 
model. Figures 8 and 9 show the connectivity and parameter differences between a convolutional network 
and a fully connected network respectively. Additionally, they illustrate the difference in receptive area 
between a convolutional network and a fully linked network composed of a single node. Second, the 
product is often computed with far fewer computer operations. These productivity advantages are often 
significant in real-world applications. 

 
Figure 8. Convolution techniques are shown in the following instances. 
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Figure 9. The above row is created using matrix multiplication with complete connectivity. 

In a neural network model, the usage of the same factor for multiple functions is referred to as 
parameter sharing, in which the amount of a weight applied to one input is determined by the amount of 
another weight applied to other place. Each convolution kernel component is used exactly once when 
computing the output of a single layer in a conventional neural network. Each kernel component is 
utilised at any pixel in the convolutional neural network's input picture (except maybe some pixels around 
the image border, based on the design, which may use boundary-pixel-handling methods, such as zero 
padding around the input picture border). 

Convolution makes use of parameter sharing, which implies that instead of learning a unique set of 
conditions for each location, we just need to study one set of conditions distributed over all regions. This 
would significantly minimise the model's RAM capacity requirements. Convolution is much more 
efficient than dense matrix multiplication in terms of memory needs and number of parameters to be 
learned. 

3.7. Batch Normalization 
Batch normalisation is a method of progressive parameterization that was developed to address the 

issue of training very deep models. Batch normalization often behaves differently in training and 
prediction modes. To begin, after the model has been trained, the noise introduced by calculating sample 
means and variances on mini batches is no longer acceptable. Second, we may be unable to calculate 
batch-by-batch normalization statistics. For instance, our model may be necessary to generate just a 
single prediction at a time.  

Complex models are essentially the sum of multiple functions. It is difficult to train deep networks 
because the parameters of all previous layers impact the inputs to each layer, and all levels' parameters 
are updated simultaneously. When many functions or layers are modified simultaneously, unexpected 
consequences such as gradient vanishing as well as gradient explosion may occur. 

3.8. Training the Deep Neural Networks 
Four different deep neural architectures have been experimented with for the purpose of brain tumor 

classification and segmentation using transfer learning from MRI images—VGG16, ResNet-50, 
EfficientNetB0, U-Net. 

3.8.1. VGG16 Deep Neural Architecture 
It is widely recognized as one of the most effective image-recognition models nowadays models ever 

designed. Modern object identification technology uses the VGG [9,10,11] model. In a wide range of 
tasks and datasets outside of ImageNet, VGG was developed as a deep CNN performs better than 
baselines. 

3.8.2. ResNet-50 Deep Neural Architecture 
The most used picture classification algorithm is ResNet. ResNet is a robust backbone model that is 

commonly [12,13] utilised in computer vision applications.  
ResNet's most prominent feature is the skip connection. The ResNets architecture was originally 

developed for object localization, image recognition, but it may also be utilised for non-computer vision 
operations to provide depth and minimise processing costs. 
  



48 
 

3.8.3. EfficientNetB0 Deep Neural Architecture 
EfficientNet can perform a variety of picture classification tasks[14–16]. As a result, it's an excellent 

model for transfer learning. In EfficientNet-B0, there are a total of 237 layers.  

3.8.4. U-Net Deep Neural Architecture 
U-Net is a convolutional neural network which was developed for the purpose of segmenting 

biological pictures. The network's architecture [17,18] was improved and expanded to allow for more 
precise segmentation with fewer training images.  

Up sampling is the process of increasing the size of a sample. The Net segment has a large number 
of specialised channels, which allow a system to send contextual data to higher-resolution layers. This is 
a substantial change. The expanding and contracting routes are almost symmetrical as a consequence, 
resulting in a U-shaped structure. The network's Up sampling component includes a plethora of specialty 
channels. 

U-Net beats earlier models in terms of design and pixel-based picture segmentation offered by 
convolutional neural network layers. Even photographs from a modest data source can be handled. 

Th CNN architecture has been revised and modified to function with fewer training photographs 
while also providing more precise segmentation.  

The segmentation map only contains pixels in the input picture for which the whole context is 
accessible since the network only utilises the valid component of each convolution. This approach 
provides for seamless segmentation of arbitrarily large photos using an overlap-tile methodology. 
Extrapolating the missing context needs mirroring the input picture in order to anticipate the pixels in the 
picture's border region. Because GPU memory would otherwise limit the resolution, this tiling strategy 
is required to apply the network to large pictures. 

3.9. Optimizing the Deep Neural Networks 
Due to the time-consuming nature of deep neural network training, optimization solutions are critical. 

To address this issue, researchers developed a unique set of optimization strategies. 
Identifying the neural network settings W that minimise a loss function Training neural networks 

includes calculating L(W), which is frequently composed of a measure of performance based on the data 
that is being trained and a few other regularisation components. The deep neural network training 
development includes a form that is similar to the machine learning development. 

In a conventional machine learning model, the issue of universal optimization may be solved by 
carefully arranging the objective function and constraints such that the optimization issue is convex. 
However, we must handle the general non-convex optimization issue when training neural networks. 
When maximising the loss function of a neural network, a number of issues occur, including 
inappropriate Hessian matrix conditioning, local minima, and saddle points. 

In a convex optimization problem, each local minimum is also a global minimum. Numerous local 
minima exist in non-convex functions, for example, the loss function of deep neural networks. In reality, 
the loss functions of enormously deep neural networks will have an increasing number of local minima. 
Local minima may be problematic if they have much greater loss levels than the global minimum.  

Local minima (maxima) are unusual for a large number of non-convex high-dimensional functions, 
although saddle points are more frequent. The number of saddle points far outnumbers the number of 
local minima in many real-world applications. A saddle point is a stationary point in a function, but not 
an extremum, where the derivative or gradient is zero. Saddle point possess greater function values 
compared to saddle point itself, and others have lower function values at certain points. 

Hessian matrix accommodate positive as well as negative eigenvalues at saddle point. Frequently, the 
gradient surrounding the saddle point is minimal and unimportant. However, first order approaches such 
as gradient descent, block coordinate descent, and others will much or less escape saddle spots, despite 
the fact that gradient descent may need exponential time to do so. 

Additionally, there may be zones of constant value that are broad and flat. Both the gradient and the 
Hessian matrix are zero in these regions. Numerical optimization approaches have a difficult time dealing 
with these degenerate situations. A big and flat zone must include all global minima in a convex 
optimization problem, but in a generic optimization issue, the value of the corresponding region possesses 
high objective function. 

4. Experimentation Results 
MRI image data set is obtained from Kaggle. This dataset has four classes of images like glimo_tumor, 

no_tumor, meningioma_tumor, pituitary_tumor. A total of 3,264 MRI images are separated into four 
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different classifications after being categorised as training and testing data. Figure 10 shows the four 
classes of brain tumor available in the data set and which are to be classified from the dataset and the 
image given to model will predict the lesion from following classification. 

The following are the characteristics of each model used with the dataset. 

VGG16 Model  
Predefined VGG16 Model 
Input size – 224 * 224 * 3 
ResNet-50 model  
Predefined ResNet-50 Model  
ImageNet weights are utilized 
Input size – 75 * 100 * 3 
Epochs – 24 
Layers: 181 + Input Layer  
Total params: 26,734,471 
Trainable params: 26,681,351 
Non-trainable params: 53,120 

EfficientNetB0 Model  
Predefined EfficientNet-B0 Model 
ImageNet weights are utilized 
Input size – 75 * 100 * 3 
Epochs – 24 
Layers: 224 + Input Layer 
Total params: 4,203,290 
Trainable params: 4,161,268 
Non-trainable params: 42,022 

U-Net model  
ImageNet weights are utilized 
Input size – 75 * 100 * 3 
Epochs – 24 
Layers: 224 + Input Layer 
Total params: 5,122,801 
Trainable params: 5,113,969 
Non-trainable params: 8,832 

In total 903 parameters are passed to fully connected network. 

 

Figure 10. Sample Tumor Images from Each Label. 
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The values of all these metrics for four architectures are shown in Tables 1, 2, 3 and 4 respectively. 
The U-Net model has been tested and trained. If the validation IoU score and dice loss are at their highest, 
the model is saved. Table 5 shows training, validation and testing accuracies of four architectures. 
Training, validation accuracy and loss values of VGG16 are shown in Figure 11 and heat map of VGG16 
in Figure 12. Similarly, training, validation accuracy and loss values of RESNET 50 are shown in Figure 
13 and heat map of RESNET50 in Figure 14, training, validation accuracy and loss values of 
EfficientNetB0 are shown in Figures 15 and heat map of EfficientNetB0 in Figure 16, training, validation 
accuracy and loss values of UNet are shown in Figure 17 and heat map of UNet in Figure 18, respectively. 

Table 1. VGG16 Model Accuracy. 

 Precision Recall F1-Score Support 
0 0.93 0.73 0.82 93 
1 0.67 0.86 0.75 51 
2 0.73  0.73 96 
3 0.89  0.92 87 
Accuracy   0.81 327 
Macro average 0.80 0.82 0.80 327 

Weighted average 0.82 0.81 0.81 327 

Table 2. ResNet50 Model Accuracy. 

 Precision Recall F1-Score Support 

0 0.97 0.92 0.95 93 
1 0.94 0.96 0.95 51 
2 0.95 0.96 0.95 96 
3 0.97 0.99 0.98 87 
Accuracy   0.96 327 

Macro average 0.96 0.96 0.96 327 

Weighted average 0.96 0.96 0.96 327 

Table 3. EfficientNetB0 Model Accuracy. 

 Precision Recall F1-score Support 
0 0.98 0.97 0.98 93 
1 0.96 1.00 0.98 51 
2 0.98 0.98 0.99 96 
3 1.00 0.98 1.00 87 
Accuracy   0.99 327 
Macro average 0.98 0.98 0.99 327 

Weighted average 0.98 0.98 0.99 327 

Table 4. U‐Net Model Accuracy. 

 Precision Recall F1-score Support 
0 0.98 0.99 0.98 93 
1 0.98 1.00 0.99 51 
2 0.99 0.98 0.99 96 
3 1.00 1.00 1.00 87 
Accuracy   0.99 327 
Macro average 0.99 0.99 0.99 327 

Weighted average 0.99 0.99 0.99 327 

Metrics for Performance 

The following metrics were used to find an accuracy of the models. 

Precision = TP/(TP + FP)  

Recall = TP/(TP + FN)   

where 
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TP = True positive; TN = True-negative; FP = False-positive; FN = False-negative. 

F1‐score= 𝟐 ∗ (𝒑𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 ∗ 𝒓𝒆𝒄𝒂𝒍𝒍)/(𝒑𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 + 𝒓𝒆𝒄𝒂𝒍𝒍)  

Support is the no. of samples of true response that occurs in each class of target values.  

Table 5. Comparison of Deep Learning Models Accuracy. 

Model Training Accuracy Validation Accuracy Test Accuracy 
VGG16 97.16 87.68 86.78 

ResNet50 96.85 91.07 90.74 
EfficientNetB0 99.8 96.42 92.58 

U-Net 97.35 97.56 95.23 

 

Figure 11. VGG16 Epochs vs. Training and Validation Accuracy/Loss. 

 

Figure 12. VGG16 HeatMap. 
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Figure 13. ResNet50 Epochs vs. Training and Validation Accuracy/Loss. 

 

Figure 14. ResNet50 HeatMap. 

 

Figure 15. EfficientNetB0 Epochs vs. Training and Validation Accuracy/Loss. 
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Figure 16. EfficientNetB0 HeatMap. 

 

Figure 17. U-Net Epochs vs. Training and Validation Accuracy/Loss. 
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Figure 18. U-Net Heatmap. 

5. Conclusions 
In this paper, we discussed four transfer learning architectures such as VGG16, ResNet50, 

EfficientNetB0, and U-Net for brain tumor classification using MRI image analysis on publicly available 
datasets from Kaggle. Training, validation, and test accuracy of these architectures were compared and 
showed that U-Net outperforms other networks. It serves healthcare professionals by automating medical 
diagnosis processes. 
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