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Abstract 
This paper presents a transfer learning model via convolutional neural networks (CNN) with skip 

connection topology, to avoid the vanishing gradient and time complexity, which are usually 

common in transfer learning networks. Three pre-trained CNN architectures, namely AlexNet, 

VGG16 and GoogLeNet are employed to equip with skip connections. The transfer learning is 

implemented through fine-tuning and freezing the CNN architectures with skip connections 

based on Magnetic Resonance Imaging (MRI) slices of brain tumor dataset. Furthermore, in the 

pre-processing, a frequency domain information enhancement technique is employed for better 

image clarity. Performance evaluation is conducted on the transfer learning networks with skip 

connections to obtain improved accuracy in brain MRI classifications.  

Keywords: Deep learning, GoogLeNet, AlexNet, VGG, Transfer learning, convolutional neural 

network (CNN) 

1. Introduction

     Brain tumors are the pathological complications caused by uncontrolled cell division, and 

abnormal growth of tissues. The common types of brain tumor are glioma, meningioma and 

pituitary. The size of the tumor is quite large in case of glioma, and can lead to short life 

expectancy [1]. Abnormal growth of brain cell in pituitary gland results in development of 

pituitary gland tumor that causes abnormal production of pituitary hormones. Due to their 

intrinsic nature, meningioma, glioma and pituitary gland tumors can occur anywhere in brain 

tissues. However, these tumors have different shapes, sizes and contrasts [3].  
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       Early detection of brain tumor is necessary as delay could lead to death. The detection of 

location and size of complex cases of brain tumor is a complex task, as the whole treatment plan 

is based on diagnosis made in the early stages. Thus, locating the exact region of tumor tissues, 

the extent to which they are spread in nodules, and the grading and type of cancer is necessary. 

This would help in assessment for the development of treatment plan as well as for the tracking 

of progression of certain diseases [11-13].  

      Deep Learning (DL) is considered as one of the most widely used techniques for diagnosis of 

Alzheimer’s, normal and abnormal brain tumor classifications, and stroke lesion segmentation. 

Thus, nowadays, brain image analysis by radiologists and oncologists often consider DL.  In the 

literature, DL models mostly employ Convolutional Neural Network (CNN) for classification 

and segmentation of medical images, as it tends to learn the spatial relationship in a hierarchical 

manner between the pixels [4]. CNN learns how to segment images into many layers; it builds a 

hierarchy of feature maps by convolving the images through learned filters. . CNN conducts 

minimal processing and extracts the medical features directly from the pixel images [5- 7].  

 

 

          The effectiveness of DL models in brain tumor imaging and processing is due to the 

potential to grade and categorize the images [14]. The high performance of CNN enables the 

radiologist to precisely identify the location, shape, and grade of tumors and assists in the 

development of effective personalized treatment plan [15].  

       DL models for neuroimaging involve certain architectures of CNN which are highly 

efficient by segmenting the medical image into 1,000 images for higher resolution and contrast 

[16-22]. The CNN models mostly utilized for neuroimaging as well as imaging of biopsy 

samples for other cancer types include AlexNet, VGG16 and VGG19 [23-27]. DL models are 

efficient and robust as they precisely address the cancer type, the tissues and neural networks to 

which tumor has spread, and supplement the data for development of effective treatment plan 

[28-33].  

In [34], a deep learning approach used transfer learning network to classify brain tumors, but 

skip connection topology was not considered. Reference [35] classified brain tumor images using 

CNN pre-trained networks. Pre-trained CNN architectures were used as feature extractor for 

image splicing detection in reference [36]. Although transfer learning networks were able to 
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achieve high accuracy in the classifications of brain tumor, the data goes through many layers, 

which causes vanishing gradient and time complexity.  

In this paper, a Transfer Learning (TL) model is presented via convolutional Neural Network 

(CNN) with skip connection topology, to avoid the vanishing gradient and time complexity, 

which are common in transfer learning networks.  

     In particular, three   pre-trained CNN architectures, namely GoogLeNet, AlexNet and VGG16 

are employed to equip with skip connections. 

 

Also, the CNN architectures with skip connections have slight changes in the input datasets and 

in the number of kernels for the output networks. In addition, a frequency domain information 

enhancement technique is employed for better image clarity in the pre-processing.  

 

         Furthermore, transfer learning is implemented through fine-tuning and freezing the CNN 

architectures with skip connections based on Magnetic Resonance Imaging (MRI) slices of brain 

tumor dataset Figshare. Performance evaluation is conducted on the fine-tuned CNN 

architectures with skip connections in brain MRI classifications for common tumors such as 

meningioma, glioma and pituitary.  

 

2. Transfer Learning Networks with Skip Connections 

2.1 Transfer Learning Model via CNN with Skip Connection Topology 

 

 

 

Figure 1. General architecture of CNN 
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     The CNN architecture, as shown in Figure 1, includes a number of layers having its own 

functions.  In order to train parameters in CNN, the data has to undergo each layer serially. The 

convolutional layer is known as the first layer in CNN. It uses simple filtering to extract the 

features of images. The pixels are analyzed based on similarities and relationships that exist in a 

smaller number of samples. 

      The main function of pooling layer in CNN is to decrease the samples required, by keeping 

the amount of important information, in order to increase the speed of its operations. There are 

three different types of pooling layers, namely Max, Average and Sum pooling. They play an 

important role in controlling the overfitting of datasets. 

      The fully connected layer in CNN is linking all the activation functions that are present in the 

previous layers, by bringing appropriate classification. The main task is to retrieve the required 

information present in the data, i.e., image in this paper. The disadvantage of this layer is the 

massive requirement of parameters than the previous layers to produce a single output. A fixed 

number of inputs are sufficient to give a similar output. The aspect ratio input data can be 

maintained by converting the fully connected layer to convolutional layers of 1 x 1 kernel and 

1x1x1 in case of 3D images. For better accuracy, the layer uses nonlinear transformation in order 

to extract features.  

      The training of deep neural networks is difficult to proceed due to vanishing or exploding 

gradient issues. Reaching control of deep network by using normalization only may expose 

degradation problem, while adding a number of layers may increase training errors rate. In 2015, 

reference [37] introduced a model using Resnet blocks that connects the output of one layer with 

the input of an earlier layer. This solution is referred to as a skip connection. 

      In this paper, we employ three pre-trained CNN architectures, namely AlexNet, VGG16 and 

GoogLeNet based on the Resnet blocks in [37]. In our transfer learning model, the output of each 

group of layers is connected to the input data with a skip connection, which is a parameter that is 

also to be learned during the training process. Therefore, in our transfer learning model, the skip 

connection topology connects input image to groups of layers through a single skip connection in 

AlexNet and VGG16 networks, and through multiple skip connections in GoogLeNet, at 

frequent periods. The transfer learning model is implemented with brain tumor dataset for three 

different classes of brain tumors, i.e., meningioma, glioma and pituitary in this paper. 
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    Skip connection topology is a nonlinear process that connects neural network layers and skips 

one or more layers, as shown in Figure 2. The mechanism of skip connections is to skip some 

layers in neural network and feed the output of one layer, as the input of the next layers. The 

construction of 𝐹(x) + 𝑋 can be achieved by feed forward neural networks, with “skip 

connections”. The skip connection should learn at least identity mappings from one point in the 

network, in order to forward them to another point, thus, making the network learn extra F(x). 

The process will continue until F(x) becomes 0. Consequently, this will help the network to 

easily learn a mapping closer to 0 than identity mapping. 

 

 

 

    In this paper, three pre-trained CNN architectures, i.e., AlexNet, VGG, GoogLeNet, are 

equipped with skip connections, in order to improve their performances. The CNN with skip or 

shot connection employed for implementing the transfer learning model is shown in Figure 3. 

The skip or shot connection works by jumping or transferring data from one convolution layer to 

another. It should be noted that, when implementing transfer learning, a frequency domain 

information enhancement technique is employed for better image clarity in the pre-processing for 

all the CNN architectures with skip connections. In this work, the open source available brain 

tumor dataset Figshare was used to evaluate the performance of the proposed CNN. The 

dataset was developed by Cheng in 2017 [38]. 

 

Figure 2. Skip connection topology 
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Figure 3. CNN with skip or shot connection for transfer learning  

 

2.2 CNN Architectures with Skip Connections 

 

2.2.1 Alex Net with Skip Connection 

      AlexNet is the winner of ISLVRC 2012. It is the first deep neural network that classifies 

thousands of objects in different classes. The network comprises of convolutional, rectified linear 

unit, and max-pooling layers. The network consists of five convolutional layers and three fully 

connected layers. The input size of the image to be fed to this network is 227×227x3.  

Before feeding the input image to AlexNet, images are pre-processed using Z-score image 

normalization that depends on the mean and standard deviation values of the image pixels. We 

use the contrast enhancement in addition to the normalization technique to train the images 

effectively. Contrast enhancement in images refers to the enhancement of the intensity of image 

pixels, in order to make them more informative.  

 

 

 

 

 

 

 
Conv_1                 Conv_2      Conv_3           Conv_4  Conv_5      Fc-1   Fc-2   Fc-3 
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In this paper, the contrast enhancement is performed by contrast limited adaptive histogram 

equalization. Figure 4 shows the architectural model of AlexNet with skip connection, employed 

in this paper. Generally, the normal AlexNet architecture is pre-trained for 1000 classes. 

However, the AlexNet with skip connection employed in this paper is changed to 3 classes for 

cancer detection, based on the dataset classes or requirements for brain tumor. 

 

 

 

(a) AlexNet architecture 

 

 

 

(b) AlexNet with skip connection 

 

Figure 4. Architectural model of AlexNet with skip connection 

  

       From Figure 4, the AlexNet with skip connection is different from the   normal architecture 

because of the skip connection, dataset classes, changes in the frequency domain, and the 

number of kernels used in the network.  

 

  

 

 

 

 

 

 
Conv_1                 Conv_2      Conv_3           Conv_4  Conv_5      Fc-1   Fc-2   Fc-3 
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Table 1 lists the summary of the convolutional layers in the AlexNet architecture, and Table 2 

shows the number of layers in AlexNet network. The first convolutional layer in the AlexNet 

architecture has 96 filters with a window size of 11x11. The second convolutional layer consists 

of 256 filters with a window size of 5x5. Likewise, the third, fourth, and fifth layers consist of 

384, 384, and 256 filters, respectively. The rectified linear unit (relu) activation function is used 

between the layers as an activation function that takes the negative values as zero. Therefore, the 

non-activated neurons become zero which helps to improve the feature extraction for better 

classification.  

For transfer learning, we use the AlexNet which is a pre-trained network, and freeze the layers 

for fine turning. Thus, the final fully connected layer is set as three as there are three different 

classes of brain tumors, i.e., Glioma, Meningioma, and Pituitary.  

 

Table 1. Summary of convolutional layers in AlexNet 

 

Convolutional Layer Number Number of Filters Filter Size Stride Padding 
Convolutional Layer-1 96 3x3 4 0 
Convolutional Layer-2 256 3x3 1 2 
Convolutional Layer-3 384 3x3 1 1 
Convolutional Layer-4 384 3x3 1 1 
Convolutional Layer-5 256 3x3 1 1 

 

Table 2. Summary of layers in AlexNet 

 

Layer type Feature Map Kernel Size + stride Activation 

Input Image 1 - - 
Convolution 96 3*3 ــ stride 4 relu 
Max Pooling 60 3*3 ــ stride 2 relu 
Convolution 256 3*3 ــ stride 1 relu 
Max Pooling 256 3*3 ــ stride 2 relu 
Convolution 384 3*3ــ stride 1 relu 
Convolution 256 3*3 ــ stride 1 relu 
Max Pooling 256 3*3 ــ stride 2 relu 
FC - - relu 
Softmax - - Softmax 

 

2.2.2 VGG16 with Skip Connection 
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VGG16 is a sixteen-layer CNN architecture. Similar to AlexNet, it is made up of 

convolutional, max-pooling Relu layers [39]. The number of filters changes from 64 to 512, and 

there are three fully connected layers. All the convolutional layers have a filter window size of 

3×3. VGG16 has fully connected layers, the layer parameters and the number of layers is higher 

compared to AlexNet. In the VGG16 architecture, the first, second convolutional layers have the 

same filter size of 64, the third and fourth convolutional layers have 128, the fifth, sixth and 

seventh convolutional layers have 256 filters. Likewise, the eighth, ninth, tenth, eleventh, twelfth 

and thirteenth layers have 512 filters. At the end, it consists of three fully connected layers.  

The computational complexity of this VGG16 architecture is higher compared to other 

networks, since it consists of two stages 512 filters each. To perform fine-tuning for transfer 

learning, the final fully connected layer is tuned to produce three output classes instead of 1000 

classes. The activation function used here is the rectified linear unit. Each convolutional layer 

extracts suitable features and it is a pyramid architecture that helps to improve the classification 

accuracy.  

Figure 5 shows the VGG16 with skip connection topology employed in this paper, with 

an input dataset of 224 x 224, and kernel output for the datasets under consideration. Table 3 

shows the number of layers in VGG16 network. 

 

 

 

(a) VGG16 architecture 

 

 

224x224x3 
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(b) VGG16 with skip connection 

Figure 5. Architectural model of VGG16 with skip connection 

 

Table 3. Summary of layers in VGG16 

 

Layer type Feature Map Kernel Size + stride Activation 

Input Image 1 - - 
Convolution 64 3*3 ــ stride 4 relu 
Convolution 64 3*3 ــ stride 4 relu 
Max Pooling 64 3*3 ــ stride 2 relu 
Convolution 128 3*3 ــ stride 4 relu 
Convolution 128 3*3 ــ stride 4 relu 
Max Pooling 256 3*3 ــ stride 2 relu 
Convolution 256 3*3ــ stride 1 relu 
Convolution 256 3*3 ــ stride 1 relu 
Convolution 256 3*3 ــ stride 1 relu 
Max Pooling 256 3*3 ــ stride 2 relu 
Convolution 512 3*3 ــ stride 1 relu 
Convolution 512 3*3 ــ stride 1 relu 
Convolution 512 3*3 ــ stride 2 relu 
Max Pooling 512 3*3 ــ stride 1 relu 
Convolution 512 3*3 ــ stride 1 relu 
Convolution 512 3*3 ــ stride 2 relu 
Convolution 512   
Max Pooling 256 3*3 ــ stride 2 relu 
FC - - relu 
Softmax - - Softmax 

 

2.2.3 GoogLeNet with Skip Connection 

Pituitary  

Meningioma 

Glioma 
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GoogLeNet with a shot connection is a network architecture in which the previous layer 

connections will be added with the current layers to avoid the vanishing gradients. Here, the 

previous layer features are added with the present layer features such that there is no feature loss. 

Also, the present layer feature values will improve the learning of effective features.  

GoogLeNet [3, 40] has nine inception modules.  Furthermore, each inception module 

contains one max-pooling layer and six convolutional layers. From this, four convolutional 

layers are used for dimension reduction. Relu activation function is applied in all the fully 

connected layers and dropout regularization is used in the fully connected layers. 

 

GoogLeNet has 6.8 million parameters, because of additional feature learning. It 

comprises of nine inception modules, two convolutional layers, four max-pooling layers, one 

convolutional layer for dimension reduction, one average pooling, two normalization layers, one 

fully connected layer, and finally a linear layer with softmax activation in the output.  

The performance of GoogLeNet is more accurate than other architectures, i.e., VGG and 

AlexNet. Moreover, it is more precise than AlexNet on the original ILSVRC dataset.  

The GoogLeNet with skip connection employed in this paper is given in Figure 6. Table 

4 lists the summary of layers in the GoogLeNet. 
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(a) GoogLeNet architecture 
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(b) GoogLeNet with skip connection 

Figure 6. Architectural model of GoogLeNet with skip connection 

 

Table 4. Summary of layers in GoogLeNet 

 

Layer type Feature Map Kernel Size + stride Activation 
Input Image 1 - - 
Convolution 64 3*3 ــ stride 4 relu 
Max pooling 64 3*3 ــ stride 4 relu 
Convolution 60 3*3 ــ stride 2 relu 
Max Pooling 128 3*3 ــ stride 4 relu 
Inception (3a) 128 3*3 ــ stride 4 relu 
Inception (3b) 256 3*3 ــ stride 2 relu 
Max Pooling 256 3*3ــ stride 1 relu 
Inception (4a) 256 3*3 ــ stride 1 relu 
Inception (4b) 256 3*3 ــ stride 1 relu 
Inception (4c) 256 3*3 ــ stride 2 relu 
Inception (4d) 512 3*3 ــ stride 1 relu 
Inception (4e) 512 3*3 ــ stride 1 relu 
Max Pooling 512 3*3 ــ stride 1 relu 
Inception (5a) 512 3*3 ــ stride 1 relu 
Inception (5b) 512 3*3 ــ stride 2 relu 
Avg Pooling 256 3*3 ــ stride 2 relu 
FC - - relu 
Softmax - - Softmax 
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2.3 Training Strategies of CNNs with Skip Connections 

 
       In this section, the training methods used in the transfer learning networks are discussed. To 

increase the classification performance, all the three pre-trained networks are fine-tuned for 

transfer learning. In all the pre-trained networks, the fully connected layers are fixed as three. 

Learning rate and other learning parameters are also changed to achieve better results.  In all 

three pre-trained networks, activation has been analyzed, but the GoogLeNet activation function 

is more visible than the other two networks.  Three different patch sizes , namely 16, 32, and 64 

are analyzed, and it is finally fixed with 32 in this paper.  

      The Adam optimization algorithm is used here for training. It helps to reduce the gradient 

value as quickly as possible. It is the combination of two optimization algorithms, such as 

gradient descent with momentum and RMSprop. This combined optimizer effectively works for 

the fine tuning of hyper parameters. Also, its low memory requirements help to improve the 

training accuracy with fewer epochs.  

The loss function is an important criterion in training to recognize the class labels. This loss 

function needs to be minimized. The loss function used in this paper is cross-entropy loss 

function [41], which is defined as 

 

L(w)=∑ ∑ {−𝑦𝑖𝑐
4
𝑐=1

𝑁
𝑖=1 𝑙𝑜𝑔𝑓𝑐(𝑥𝑖)}+∈ ‖𝑤‖2

2       (1) 

fc(xi) − predicted probability of class c for image x  

 

The training algorithm is given as Algorithm 1. 

 

Algorithm 1. Training algorithm of CNN with skip connection for transfer learning 

 

1. Input: Input data samples for Training Datasets (TDs) with the number of images nIm, 

class labels Cl (glioma, meningioma, and pituitary), validation datasets (VDs), learning 

rate Ra,  

2. Output: Feature map, performance metrics such as accuracy, precision, recall, etc. 

3. Reduce the cross entropy, train the network with Adam optimizer. 

4. Loss is computed on the training datasets TDs and the validation datasets VDs by 

backpropagation algorithm based on the class labels. 

5. Initialize the learning rate Ra 
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6. For z=1 to the number of images nIm 

a. Take the feature map for the final convolutional layer  

b. Find softmax values of the output layer  

7. Return Loss Lr, Accuracy Ac, feature map 

 

The performance of the deep network can be improved by increasing the size of the 

training data. Image augmentation can be carried out to increase the size of the training data. If 

there is not much training data, image augmentation can be obtained by resizing, rotating, and 

flipping operations. However, while we increase the training data, the data memory requirement 

on the computer and the computation time will be high.  

The selection of patch size is very important to get the optimal performance of the 

network. In this brain tumor detection problem, we set the minimum patch size as 32, which will 

help to improve the detection rate. In some scenarios, increasing the patch size leads to a high 

misclassification rate because most of the feature maps will be redundant, which decreases the 

optimal performance of the network.  

Generally, it is not enough that the entire datasets are given to the network for only one 

time, because the network needs to calculate the loss for different training samples. Therefore, 

the maximum epoch must be higher than one. The number of epochs increases the weight value 

of the network. The epoch value should be increased until you get the training accuracy higher or 

100. Here we set the maximum epoch as 200.  

For the pre-processing, two different methods are used here. Both are in the frequency 

domain. The two methods are histogram equalization and normalization. Stationary Wavelet 

Transformation (SWT) is used for frequency-domain conversion. These two methods are carried 

out in the frequency domain only. Four sub-bands are obtained in the frequency domain. 

Initially, the input image is converted from the spatial domain to the frequency domain by 

wavelet transformation, then the equalization is carried out on all the sub-bands and inverted to 

the original domain. After the equalization, the same frequency domain process is carried out for 

Z score normalization in all the sub-bands.  

Figure 7 shows frequency domain information enhancement on the image improvement 

in the pre-processing, , which gives higher resolution to fit into the training process, while Figure 

8 is the frequency information enhancement process. 
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Figure 7. Result of contrast enhancement 

 

Equalization and normalization give contrast-enhanced images for better training. The Z score 

normalization is defined by [42, 43] 

𝑍𝑠𝑐 =
𝑋 − 𝑚𝑒𝑎𝑛

𝑠𝑡𝑑
 

𝑍𝑠𝑐 − 𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑜𝑢𝑡𝑐𝑜𝑚𝑒 , 𝑋 − 𝑖𝑛𝑝𝑢𝑡 𝑑𝑎𝑡𝑎    

 

 

 

 

 

 

Figure 8. Frequency domain information enhancement process in the pre-processing 

SWT - Stationary Wavelet Transformation, ISWT - Inverse Stationary Wavelet 

Transformation 

 

Input image  SWT  Adaptive 

histogram  

ISWT    

Enhanced Image  

(2) 

16



 

        Once the image data augmentation is completed, the network is fed with this huge amount 

of training data. This increases the amount of training data and leads to improve classification 

performance.  

The convolution layers are the second layer of the network after the input layer, which helps to 

extract special features such as low-level, medium, and high-level features. Each convolutional 

layer extracts different levels of features which helps to train the network in a better way. The 

three pre-trained CNN architectures, AlexNet, VGG16, and GoogLeNet, use the pre-trained 

weights that are transferred from one layer to another layer. For fine-tuning, the final fully 

connected layer of the three pre-trained networks is replaced by 3 classes instead of 1000 classes.  

The pre-trained network weights are transferred to the target dataset and there is no need for 

retraining the network. The significance of transfer learning is that a smaller number of datasets 

are needed under this circumstance because the weights are transferred. In this paper, the 

softmax is used as the classification layer.  

Image data augmentation is needed for improving the training accuracy, by increasing the 

number of training images. In this paper, we have used five different types of image processing 

techniques which are image rotation, cropping, flipping, scaling, and translation. In total there 

are 100 gliomas, 120 meningioma, and 150 pituitaries. Preprocessing is carried out on these three 

classes and augmented to get a total of 1500 images. Figure 9 shows the image data 

augmentation. In Figure 9(a), the data is rotated 10 degrees, while Figure 9(b) is normal 

orientation, Figure 9(c), is flipped from upper orientation to laser and Figure 9(d) is rotated by 45 

degrees. 
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Figure 9.  Augmented image data in different forms 

3. Performance Evaluation  

 

       In order to implement our transfer learning model, Matlab 2020a is employed. The Matlab 

tool is used with single graphical processing unit having multiple processers of 2.6 GHz and 

16GB RAM, 1TB of HDD. This section presents a set of the experiments that are carried out 

using brain tumor dataset Figshare for brain tumor classification and detection. We evaluate the 

performance of three pre-trained CNN architectures, AlexNet, VGG16 and GoogLeNet, using 

augmented image slices of brain tumor dataset. These pre-trained CNN architectures are used to 
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deploy the transfer learningmodel, in order to extract the rich features. Then, the confusion 

matrices are discussed for evaluation performance of the CNN architectures with skip 

connections. 

      In the experiments, we use the open-source brain tumor dataset Figshare to evaluate the 

performance of the CNN architectures with skip connections. The dataset was developed by 

Cheng in 2017. The number of brain MRI is 3064 collected from 233 patients, with three 

different types of brain tumors, i.e., meningioma, glioma and pituitary. The images are 

distributed as follows: 930 images for pituitary, 708 images for meningioma and 1426 images for 

glioma. The main format is “.mat”, each file including structure with a patient ID, unique label 

that denotes the type of brain tumor, 512 × 512 image data in unit 16 format, a vector containing 

a tumor boundary, with discrete dot coordinates, and a ground truth in a binary mask image.  

MRI is an imaging technique employed in medical sciences to analyze both anatomy and 

physiological processes of some parts or the entire human body. The scanners associated with 

this kind of imaging technique have sophisticated radio waves, magnetic fields and gradients, 

which enable capturing of images of human organs.  

 

     The CNN architecture takes MRI images as an input unit in our experiments; hence, we only 

use the image data from the “.mat” files after extraction and resizing, to fit the model 

requirements. The CNN architecture performs automatic feature extraction using convolutional 

layers without human intervention. CNN generally performs better in comparison to the classic 

image processing methods.  
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Figure 10.  Training and testing processes in experimental setup 

 

       The experimental setup shown in Figure 10 contains both the training and the testing 

processes. The enhancement and normalization are carried out in both the training and the 

testing. Then, feature extraction is carried out using the pre-trained network, namely AlexNet, 

VGG16, GoogLeNet architectures. Finally, the cross-entropy loss function is computed to 

differentiate the input classes with the help of training data labels. This process is repeated for 

testing images as well, to identify the classes, whether it is glioma, meningioma, or pituitary.  

Various experiments are conducted to evaluate the performance of the system. In the first 

experimental scenario, the images are randomly split as 70% for training and 30% for testing. In 

the other experimental scenario, 80% of the images are used for training and 20% for testing. 

Both experimental scenarios provide promising results, but the second experimental scenario 

provides results which are slightly better than the first experimental scenario.  

In this paper, we also evaluate different optimizers, namely Stochastic Gradient Decent with 

Momentum (SGDM), Adam, and RMSprops. GoogLeNet using Adam optimizer provides better 

results compared to other networks. The experiments are conducted on both original and 

augmented data independently. After freezing some of the layers in all three pre-trained networks 

independently, the impact of the remaining layers is also analyzed.  

      The AlexNet, VGG16, and GoogLNet are experimentally evaluated based on the 

performance metrics such as accuracy, sensitivity, specificity and F-score. The performance 

metrics are stated below.   

True positive (Tp) = Number of identified positive samples that are truly positive  

False positive (Fp) = Number of identified positive samples that actually are negative  

True negative (Tn) = Number of identified negative samples that are truly negative  

False negative (Fn) =Number of identified negative samples that actually are positive  

Accuracy is the ability to discriminate the different classes correctly. To estimate the accuracy 

of a network, the proportion of true positive and true negative among all samples is 

computed, that is, 
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Accuracy = (𝑇𝑝 + 𝑇𝑛)/(𝑇𝑝 + 𝑇𝑛 + 𝐹𝑝 + 𝐹𝑛)  (3) 

 

Sensitivity is the ability to see the unique independent class samples properly. To estimate it, we 

should compute the proportion of true positive in unique independent samples, that is, 

Sensitivity =𝑇𝑝/(𝑇𝑝 + 𝐹𝑛)                                     (4)  

Specificity is the ability to identify the negative samples properly. To estimate it, we must 

compute the proportion of true negative in normal cases, that is, 

Specificity = 𝑇𝑛/(𝑇𝑛 + 𝐹𝑝)                          (5)  

3.1 Performance of AlexNet with Skip Connection 

We have taken individual alternate layers from AlexNet and obtained the performance 

metrics as presented in Table 5. From Table 5, we can see that the increment of convolutional 

layers leads to accuracy improvements, that is, Conv_1 gives 50 % accuracy but conv_3, conv_4 

give 63.5% and 95%, respectively, which are better than conv_1; so the features learned from the 

conv_5 layer are better than all other layers. The overlapping feature maps are eliminated by the 

dropout layers, so it provides better performance. 

Table 5. Performance of AlexNet with skip connection 

Layers Accuracy (%)  Sensitivity 
(%) 

Specificity 
(%)  

F-score (%) Precision (%)  

Conv_1 50 55 78 59 56 
Conv_3 63.5 70.2 84 72.5 72 
Conv_5 95 94.2 98 93 94 
FC_6 96.1 95.2 98.2 94.5 95 
FC_7 92 91 96 92.2 91 

The performances of the intermediate layers are analyzed after training the pre-trained AlexNet 

architecture (trained on million images) on the brain tumor dataset. It is carried out by extracting 

and utilizing the features learnt from the individual intermediate layers for brain tumor 

classification. The features learnt from the intermediate convolutional layers such as conv_1, 

conv_3, conv_5 and two fully connected layers are separately used, by freezing the remaining 

layers for brain tumor classification, using the machine learning classifier. Here, the Support 

Vector Machine (SVM) classifier is used to extract the image features. It is understood that 

21



 

taking features from conv_3 layer includes the mid-level features learnt from the lower levels 

after performing successive convolution, i.e., conv_1 to conv_3. 

      From Table 5, after freezing some of the layers in the AlexNet, the performance of layers 

such as, conv_1 to conv_3, conv_1 to conv_ 5, conv_1 to FC_6 and conv_1 to FC_7 is analyzed. 

It is observed that, when the number of convolutions is increased, the results of the fully 

connected layer FC_6 have higher performance metrics, i.e., accuracy of 96.1%, sensitivity of 

95.2%, and specificity of 98.2%. Also, it has a higher precision of 95% and an F-score of 94.5%. 

In conv_1, the network extracts low-level features such as edges, textures, and at the output of 

conv_3, certain mid-level features are extracted. Finally, at the end of conv_5, high-level 

features such as the entire region of interest are extracted. Therefore, the first FC_6 layer is able 

to produce better performance after the extraction of the features from the lower level to a higher 

level.  

 

 

                                                 

Figure 11.  Training progress of AlexNet with skip connection 

 

     Figure 11 shows the training progress in which the training accuracy is getting 100% when 

the number of epochs is 200 and the loss is reducing up to 0.003. Here, the learning rate is 
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0.0003 and the patch size is 32. Validation accuracy is also progressing in a promising manner. 

There is no quick loss variation.  

 

 

Figure 12. Confusion matrix for AlexNet with skip connection 

          The numerical computation in the confusion matrix are obtained as follows: 

True Positive (Tp) = 6; True Negative (Tn) = 5+0+1+6 = 12,   False Positive (Fp) = 0 and False 

Negative (Fn) = 0.  

The True Positive = Tp / sample total; 6/18 = 33.33%. In our case the number of trained samples 

has been 18 Glioma out of 20 and 17 out of Meningioma; 5/17 = 27.8% and 6 from Pituitary 

6/18= 33.33%. 

        From Figure 12, the digits 1, 2 and 3 represent the different classes of brain tumors, namely 

Glioma, Meningioma and Pituitary. The performance of this brain tumor classification system is 

visualized by the confusion matrix as shown in Figure 12. Here, the brain tumor is classified into 

three classes. Therefore, the confusion matrix has a 3×3 matrix. From Figure 12, in the 

experiment, among the 60 test samples, 6 Glioma test samples are identified as Glioma, 3 

samples are identified as Meningioma, and 4 as Pituitary. Likewise, for Meningioma classes: 5 

samples are accurately identified as Meningioma, 2 samples as Glioma, and 2 as Pituitary. For 

Pituitary class: 6 samples are identified as Pituitary, 2 samples as Glioma, and 3 samples are 

identified as Meningioma, respectively. So, the overall accuracy for the fine-tuned AlexNet is 

94.4%. 
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Figure 13. ROC performance for AlexNet with skip connection on original and augmented image 

data 

                                              

      We also analyze the area under the region of convergence on both original and augmented 

image data. The Receiving Operating Characteristics (ROC) is the graphical plot used to show 

the diagnostic ability of the binary classifiers. For the AlexNet, on the original data, the ROC 

value is 95.6 and on the augmented image data, the ROC value is obtained as 97.6. It shows that 

the augmented image data makes the AlexNet effective, having learned more features for better 

classification, as shown in Figure 13.   
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3.2 Performance of VGG16 with Skip Connection 

     We have analyzed the effect of each layer in VGG16 architecture. The accuracy difference 

between the first and last convolutional layers is 32.5%, which reveals that the first convolutional 

layers learning depends on the visible variations in the image, while the final convolutional 

layers learning depends on the image visible and invisible variations, very deeply as it gains 

higher accuracy.  

Table 6. Performance of VGG16 with skip connection 

 

Layers Accuracy 

(%) 

Sensitivity (%) Specificity (%) F-score (%) Precision (%) 

Conv_1 50 55 78 59 56 

Conv_3 63.5 70.2 84 72.5 72 

Conv_5 65.3 73.2 85 73.5 74.5 

Conv_7 68.5 75 88 76.7 77.2 

Conv_9 72.5 78.5 88.4 79.2 81.2 

Conv_11 77.3 82 91.5 82.2 84 

Conv_13 82.5 88.2 94 89.5 91 

FC_1 96.5 96.2 95.2 92.5 92.5 

FC_2 98.9 96.9 97 94.2 94.8 

   

       From Table 6, after freezing some of the layers in the VGG16 architecture, the performances 

of convolutional layers from conv_1 to conv_13, as well as fully connected layers are examined. 

Each convolutional layer is learning different kind of features from the brain image. The 

increment of the number of convolutional layers increases the classification performance. 

Therefore, the final convolutional layer, i.e., conv_13 provides a good performance compared to 

all other convolutional layers. The final fully connected layers have higher performance 

compared to all other layers in the VGG16 architecture, which has an accuracy of 97.2 %.  
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Figure 14.  Training progress for VGG16 with Skip Connection 

                                                 

        Figure 14 shows the training progress in which the training accuracy is getting 100% when 

the number of epochs is 200 and the loss is reducing up to 0.003. Validation accuracy is also 

progressing in a promising manner but it is better than AlexNet network performance. 

 

 

                                                   

Figure 15. Confusion matrix for VGG16 with Skip Connection 

The numerical computation in the confusion matrix are obtained as follows: 

True Positive (Tp) = 4; True Negative (Tn) = 4+0+0+4 = 8,   False Positive (Fp) = 0 and False 
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Negative (Fn) = 0.  

The True Positive = Tp / sample total; 4/12 = 33.33%. In our case the number of trained samples 

has been 18 Glioma out of 20 and 17 out of Meningioma; 4/12 = 33.3.8% and from Pituitary; 

4/12= 33.3%. 

 

      From Figure 15, the digits 1, 2 and 3 represent the different classes of brain tumors, namely 

Glioma, Meningioma and Pituitary. In the experiment, among the 60 test samples, 6 Glioma test 

samples are identified as Glioma, 3 samples are identified as Meningioma, and 4 as Pituitary. 

Likewise, for Meningioma classes: 5 samples are accurately identified as Meningioma, 2 

samples as Glioma, and 2 as Pituitary. For Pituitary class: 6 samples are identified as Pituitary, 2 

samples as Glioma, and 3 samples are identified as Meningioma, respectively. Therefore, the 

overall accuracy for the fine-tuned VGG network is 100.00%. 

 

 

                       

 

           For VGG16 architecture, from Figure 16, on the original data, the ROC value is 96.9, and 

on the augmented image data, the ROC value is obtained as 98.1. It shows that the augmented 

image data makes the VGG16 architcture effective, having learned more features for better 

classification, which is slightly better than AlexNet and lower than GoogLeNet.    

Figure 16. ROC for VGG16 with Skip Connection on original and augmented image data 
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3.3 Performance of GoogLeNet   with Skip Connection 

Table 7. Performance of GoogLeNet with skip connection 

 

Layers Accuracy (%) Sensitivity (%) Specificity (%) F-score (%) Precision (%) 
Inception 3a 80 85 88 89 86 
Inception 3b 91.5 90.2 94 92.5 92 
Inception 4a 89.8 90 93.4 90 90 
Inception 4b 91.1 90.2 95.2 91.5 90.7 
Inception 4c 92 91 96 92.2 91 
Inception 4d 94 92.5 94.1 94.2 94 
Inception 4e 95.5 94 95 95.5 94.5 
Inception 5a 97 96.2 96.7 97.1 96 
Inception 5b 98.7 97 97.8 98.2 97.7 

 

     For the GoogLeNet, the performance of the different inception network layers is analyzed. 

From Table 7, the performances of layers such as Inception 3, Inception 4, Inception 5 sub-layers are 

examined. When the inception modules are increased, the features learning increases and it leads 

to improvement in accuracy. The last inception module 5b produces better performance 

compared to other inception modules. Therefore, the learning of features in the last inception 

module is better than others.  The accuracy of final inception module is 98.7, which is better than 

AlexNet and VGG16 architectures.  

From Table 7 we can see that the learning variations between the inception blocks are different, 

in which the first inception block gives accuracy of 80% and the performance increases for 

consecutive inception module and the final modules gives accuracy of 97%. The difference is 

16%, which is less compared to VGG16 and AlexNet architectures.  
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Figure-17. Training progress for GoogLeNet with Skip Connection 

 

GoogLeNet training progress and validation performance are higher than both AlexNet and 

VGG16 architectures. Figure 17 shows loss is reducing up to 0.0005. Here, the learning rate is 

0.0003 for final epoch 100.  

 

                                          

Figure 18. Confusion matrix for GoogLeNet with skip connection 
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      Figure 18 shows the confusion matrix for GoogLeNet with skip connection. In the 

experiment, among the 60 test samples, 6 Glioma test samples are identified as Glioma, 3 

samples are identified as Meningioma, and 4 as Pituitary. Likewise, for Meningioma classes, 5 

samples are accurately identified as Meningioma, 2 samples as Glioma, and 2 as Pituitary. For 

Pituitary class, 6 samples are identified as Pituitary, 2 samples as Glioma, and 3 samples are 

identified as Meningioma, respectively. So, the overall accuracy for the fine-tuned GoogLeNet is 

98.5%. In Fig. 18, NaN means not a number. 

For GoogLeNet, from Figure 19, on the original data, the ROC value is 97.9 and on the 

augmented image data, the ROC value is obtained as 98.6, which is better compared to the other 

two networks, AlexNet and VGG16 architectures. 

 

      

Figure 19. ROC performance for GoogLeNet with skip connection on original and augmented 

image data 

 

4. Discussion with Related Work 

        When compared with the existing methods [34-36], the proposed skip-forward models 

perform well in terms of all the performance metrics. In the previous work, they have got the 

accuracy for all the three CNN architectures, AlexNet, VGG, GoogLeNet as 97.39, 98.69, and 

98.04, respectively. But in our case, we got 97.60, 98.99, 98.50, respectively, because we have 

implemented the frequency domain information enhancement in the pre-processing and changing 
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the potential parameters to fine-tune the network, which helps in improving the classification 

performance  

         In references [34-36], the three CNN architectures were fine-tuned all by changing the final 

fully connected layer of the network to 3 for three different classes. Also, the experiments were 

carried out by freezing the layers for different networks. Consequently, there is a chance of 

getting vanishing moments and overfitting the feature maps.    

However, in this paper, a transfer learning model is presented via CNN architectures with skip or 

shot connections based on the features learning capabilities of all the three pre-trained networks. 

We have analyzed the layer by layer outcome and the feature map for all intermediate layers, and 

introduced the shot connections where ever needed. This leads to better performance. Also, we 

have employed a robust frequency domain information enhancement technique to make image 

information more visible for feature extraction in the pre-processing. These two modifications 

have led to good results in the system performance.  

Table 8 shows the performance metrics of the three CNN architectures with skip connections 

employed in this paper, in comparison to the existing models in references [34-36], while Figure 

20 shows the performances of all the transfer learning models. 

 

Table 8. Comparison of the transfer learning models 

 

Accuracy % 

\ 

Models 

 

AlexNet  VGG16  GoogLeNet  

[35] 
No skip 
connection 

93.33 96.25 97.1 

[36] 97.5 95 95 

[34] 97.39 98.69 98.04 

our TL model 
CNN with skip 

connection 
97.6 98.92 98.3 
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   From Table 8 and Figure 20, the VGG16 with shot connection performs well, that is accuracy 

of 98.92 % compared to the other two architectures, AlexNet and GoogLeNet with shot 

connection.  Also, when compared to the existing models [34-36], the VGG16 with shot 

connection gives a 0.33 percentage improvement in terms of accuracy.    

 

 

 

 

 

 

 

 

           

Figure 20. Comparison of transfer learning models 

      

      Our transfer learning model via CNN with skip connection has the advantages of avoiding 

the vanishing gradients and time complexity commonly with transfer learning networks. In 

addition, our transfer learning model via CNN with skip connection has led to the better 

classifications of brain tumor, with higher accuracy than the existing models. Moreover, the use 

of frequency domain information enhancement technique in the pre-processing has led to better 

image clarity and has helped improve performance of brain tumor classifications. On the other 

hand, the major shortcoming of our transfer learning models via CNN with skip connection is 

that only one dataset is used in the experimental validations with limited input classes. 

5. Conclusion  

      This paper has presented a Transfer Learning (TL) model via CNN with skip connection 

to detect the abnormality in the brain Magnetic Resonance Imaging (MRI). This paper 
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employs three CNN architectures, i.e., AlexNet, VGG16 and GoogLeNet, to implement the 

transfer learning model based on the MRI slices of brain tumor dataset for brain tumor 

classifications. The CNN architectures with skip connections are able to: 

 Attain highest accuracy of 98.92 for the VGG16 with skip connection in brain tumor 

classification, , and 

 Reduce the vanishing gradient and time complexity commonly with transfer learning 

networks, 

When implementing transfer leaning on based on the MRI slices of brain tumor dataset, 

it is good for n the performance of brain tumor classifications to employ the   frequency 

domain information enhancement technique in the pre-processing as it give better images 

clarity.  

For future work, implementing the transfer learning model may involve:  

 use of the ensemble classifiers to improve the classification accuracy, and 

 extension to a multi-class classifier for fine-tuing and freezing.  

The transfer learning model can be implemented in other applications such as COVID-19 

MRI images, skin cancer and other types of medical image applications. 
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