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A B S T R A C T  

Since the last decade, Deep Learning has paved the direction for demanding and wide-ranging applications in almost 

everyday life and attained quite good performance on a diversity of complex problems such as face recognition, motion 

detection, health informatics and many more. This paper discusses the performance of state-of-the-art pre-trained 

Convolutional Neural Networks (CNNs) model. We have analyzed the accuracy and training time of AlexNet (already 

trained on millions of images) while using it with Support Vector Machines (SVM) classifier and under Transfer Learning 

(TL). Since training CNN from scratch is time-consuming in case of real problems and is compute-intensive so the image 

features extraction using already trained AlexNet network reduces effort and computation resources. The learned 

features are used to train a supervised SVM classifier and transfer learning (fine-tuning) of layers is achieved by 

retraining in the last few layers of pretrained network for image classification. The classification accuracy while Transfer 

Learning is obtained greater and more stable than SVM classifier. 
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 Image Classification plays a vital role in computer 

vision and is used to narrow down the gap between 

computer vision and human vision. Several traditional 

classification techniques have been proposed since the 

last few years for image classification [1, 2]. Furthermore, 

the training and testing phase precedes different steps 

like Image preprocessing, image features extraction, 

training a classifier with learned features and utilizing a 

trained classifier for making tactical decisions. Though 

these traditional systems lead to huge contributions to 

image classification their performance is still unlike 

satisfactory, maybe due to improper expression of image 

semantics due to traditional feature extraction. Most of the 

existing methods employ local features, for example, 

Scale Invariant Feature Transform (SIFT) [3, 4], 

Histogram of Oriented Gradients (HOG) [5], Binary 

Robust Invariant Scalable Key points (BRISK) [6] to 

generate image representations. Although heterogeneous 

characteristic in images like scale perspective, 

complicated background, and illumination, leads to 

difficulty in representing a high-level concept from low 

features extracted which in turn limits the performance of 
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traditional techniques and considers still as challenging 

task in the field of computer vision. 

Alternatively, Deep Learning concept applied to 

processing of images has been revolutionized in various 

tasks of computer vision as image classification [7], 

representation or recognition and achieved good 

performance to become the best solution in many 

complex problems [8,9], in health informatics or medical 

image analysis [10] like image registration, denoising, 

segmentation. 

Extending the structure of traditional Neural Networks 

(NNs), Convolutional Neural Network is the furthermost 

commonly used architecture in deep learning [11]. The 

deep CNN has testified a strengthen ability for image 

classification on several data sets such as ImageNet. 

Recently, significant work showed that CNN models 

pretrained on large data sets e.g., ImageNet [12], can be 

directly transferred to extract CNN visual features for 

visual recognition tasks [13,14] and learning of image 

features directly from CNNs, eliminate the need of manual 

feature extraction[15].  

This work uses an already trained CNN network with 

its two different scenarios i.e. with SVM classifier and 

Transfer Learning for image classification. This paper is 

organized as follows: Section 1 provides a brief 

introduction and background study. Section 2 reviews the 

prior work related to CNN methods. Section 3 describes 

the methodology of pretrained network tasks for image 

classification in detail. Section 4 provides implementation 

of AlexNet with SVM classifier and Transfer Learning. 

Section 5 demonstrates results and discusses those 

results. Finally, section 6 presents the concluding 

statements based on experimental results. 

 

 

 

The creativity and innovation make technology to its 

maximum peak having an idea in the field of Artificial 

Neural Networks (ANNs) that intimates the logical 

structure of the brain by considering classification as the 

foremost active application of locality. By keeping in a 

view of revolutionizing the future of Artificial Intelligence 

(AI), deep learning theory showed its improved 

performance [16, 17]. More recently, supervised deep 

learning showed great success in computer vision due to 

the availability of the massive amount of labeled training 

data as well as computing power [18]. With the addition of 

more hidden layers between the input and output layers in 

neural network architecture, deep learning networks, 

especially convolutional neural networks has gained 

interest in recent years for its improved and best solutions 

of classification [19]. CNN is evolved from the early neural 

network architecture Neocognitron [20]. By doing CNN 

convolution and sub-sampling layer, simple and complex 

cells in Neocognitron have been replaced and by reducing 

the number of parameters due to weight sharing in CNN, 

boost the computing capability of network. 

With the development of technology, CNN showed 

successful results in the image classification problems. 

For example, for handwritten numeral recognition, Lecun 

[21] proposed his first CNN structure in the 1990s called 

LeNet. The Convolutional connections and back 

propagation algorithms were introduced due to derivation 

of many features from LeNet architecture in modern deep 

CNNs. Further, CNN's become popular in 2012, when 

CNN so-called as AlexNet, outperformed many previous 

designed methods on the ImageNet Large-Scale Visual 

Recognition Challenge (ILSVRC) [22].Since then, 

Szegedy in 2015 [23] proposed a deep convolutional 

neural network based on 22 layers architecture on top of 

ImageNet for classification and detection. By keeping the 

computational power constant, the depth and width of the 

network were increased and based on Hebbian principle 

and multi-scale processing, the quality was optimized. 

Later, G.Huang [24] presented novel architectures by 

introducing direct connections between two layers with 

same feature-map size, like Resnets and DensNets which 

makes CNN's deeper and more powerful and achieves 

state-of-the-art results. Inspired by these improved 

performances while working on layers in CNN 

architecture, we fine-tune the layers of already trained 

models for image classification tasks. 

 

 

The proposed research methodology is based on 

pretrained CNN model with its two different tasks for 

image classification. The pictorial form of designed 

methodology is shown in figure 01. 
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Figure 1.Designed Methodology 

 

The designed methodology contains following steps: 

Step 1: The image dataset is given to CNN pretrained 

model. 

Step 2: The features are extracted using AlexNet. 

Step 3 (i): To use learned features to train a classifier. 

Step 3 (ii): Fine-Tuning the layers of AlexNet. 

Step 4: Achieve image classification. 

3.1. Convolutional Neural Network 

It is a feed-forward neural network, uses grid-like 

topology for image features learning to perform 

classification directly from images. 

 
Figure 2.  A Convolutional Neural Architecture [25] 

 

Based on basic deep learning architecture discussed 

in [26, 27]. The input image is provided in the form of an 

array of pixels. The CNN performs a sequence of 

Convolutional, Rectified Linear unit/ activations and 

pooling operations on the hidden layers as step of image 

feature extraction. After learning the best features, the 

architecture performs classification. 

3.2. AlexNet: A Pretrained CNN Model 

This network is already trained on millions of images 

and can classify images into 100 object categories [28]. It 

is used for image feature extraction. AlexNet consists of 

25 layers and its architecture is based on the basic 

architecture discussed in section 3.1. The names of 

AlexNet layers are shown in figure 02. Each layer has its 

own hyperparameters, weights, and biases. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. AlexNet Layers 

  

       3.3. SVM Classifier 

The SVM Classifier is an efficient and popular 

supervised algorithm for image classification. It 

implements N classes as a one-against-all strategy, which 

is equivalent to a combination of N binary SVM classifiers. 

Against all other classes, it makes a single class by 

discriminating every classifier [29, 30]. For the 

classification process, a multiclass SVM classifier is 

trained using the image features obtained from pretrained 

network. 

       3.4. Transfer Learning 

Transfer learning uses a pre-trained neural network. 

This technique allows the detachment of the last outer 

layers (classification layer) trained on a specific dataset, 

uses the remaining arrangement to retrain and get new 

weights related to interested classes [31, 32, 33].Transfer 

learning while training its newly assigned layers, plots the 

training progress plot which shows the training details with 

validation accuracy of pretrained network. 

 

 

The AlexNet is implemented as discussed below. 

4.1. AlexNet with SVM classifier 

The required number of categories is selected from 
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the Caltech_101 object categories dataset. Various 

experiments are performed with 10, 20, 30, 40 and 50 

categories. The AlexNet is used for feature extraction. 

The dataset is split into training and testing phase with 50-

50 ratio in specified number of categories and images. All 

the images of dataset are resized with the input size of 

AlexNet network i.e. 227-by-227 and conversion of any 

grayscale image in dataset into RGB is performed. 

Finally, by using learned features, training of a multiclass 

SVM Classifier is done for image classification.  

4.2. AlexNet with Transfer Learning 

In these experiments, images are taken from 

Caltech_101 dataset. In experiments different number of 

categories is selected. The number of categories ranges 

from 10 to 50. The AlexNet is loaded for feature 

extraction. The Final Layers of AlexNet that are “Fully 

connected layer named as fc8”, “Softmax layer named as 

prob “and “Classification Output layer named as output” 

are replaced with new layers for adapting a new task or 

dataset. The dataset is split into training and testing 

phase with 50-50 ratio in specified number of categories 

and images. All the images of dataset are resized with the 

input size of AlexNet network i.e. 227-by-227 and 

conversion of any grayscale image in dataset into RGB is 

performed. Then, training of fine-tuned network by setting 

some training options is performed to classify a new 

dataset. Finally, images are classified by using the trained 

network. 

 

 

5.1. Hardware/Software 

Experiments are executed on Intel Core ™ i7- CPU 

@ 2.70GHz (4 CPUs) machine running on Microsoft 

Windows 10.   The tool used for executing techniques and 

writing codes in MATLAB R2018a using many packages 

i.e. Image Processing Toolbox, Deep Learning Toolbox 

team, Deep Learning Toolbox Model for AlexNet Network.  

5.2. Results Plots of SVM Classifier and Transfer 

Learning 

Once the classifier is trained e.g. SVM or after 

completion of training progress under Transfer Learning, 

the classification of the validation set, which corresponds 

the 50% of the total assigned images category is plotted 

as confusion matrix. It shows the performance of a 

classifier on a test data set. If a class is mislabeled as the 

other class between multiple classes, we can easily 

identify it from a confusion matrix.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 4. Confusion Matrix showing classification and 
misclassification of each category 

 

The total of 1500 images is divided into 10 

categories/classes. We have used the 50-50 ratio that 

means half images are taken as a training set of images 

while remaining half is used for testing set of images. The 

confusion matrix plot shows 50% (750 images) which are 

the tested images, classified after features extracted from 

AlexNet. 

Transfer learning while training its newly assigned 

layers, plots the training progress plot which elaborates 

the training details with validation accuracy of pretrained 

network for the assigned number of images and 

categories. The Final Layers of AlexNet are replaced with 

new layers for adapting a new task or dataset. 

 

 

 

 

  

 

 

 

 

 

 

Figure 5. Accuracy during training with transfer learning 
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It is the accuracy plot that consists of iterations and 

epoch. The figure shows that the percentage of accuracy 

in the starting i.e. at epoch 1 is less. But with the 

completion of more epochs like 2, 3 and up to 7, the 

percentage of accuracy increases, and the plot becomes 

smooth. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6. Training progress showing the loss while 
performing Transfer Learning 

 

The error rate/ loss is high at the start, but with the 

completion of epochs it becomes less with jerks and 

becomes almost smooth when the accuracy approximates 

to 100 percent. 

 

 
Figure 7. Training progress results summary displayed 
after completion of training. 

 

 

 

 
Figure 8. The description of accuracy and loss lines 
occurred while performing training as shown in Figure05 
and Figure06 

 

5.3. Performance of AlexNet with SVM Classifier 

and Transfer Learning 

The comparative analysis of AlexNet after feature 

extraction with SVM classifier and Transfer Learning in 

terms of accuracy is plotted below: 

 

 
  Figure 9. AlexNet accuracy plot of 10 categories with SVM 
                  Classifier and Transfer Learning  
 

The experiment is carried out by changing the 

number of images like 500, 1000 and 1500 with keeping 

the number of categories constant. The increase in 

accuracy is achieved by increasing the number of images 

with constant number of categories. As a result, Transfer 

Learning has obtained greater accuracy than SVM 

classifier. 
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Figure 10. AlexNet accuracy plot of 20 categories with SVM 
Classifier and Transfer Learning. 
 

The number of images is changed and taken up to 

2000 with 20 categories. Initially, with 500 images 

accuracy of SVM classifier is 88% while accuracy of 

AlexNet with transfer learning is 92.5%. As shown in 

figure 10, as the number of training images is increased, 

the accuracy is also increased. SVM classifier goes from 

95% to 98.5% with increase in images. Transfer learning 

goes from 97.5 to approximately 99% and achieved 

greater accuracy than SVM classifier.  

The performance of AlexNet with transfer learning is 

much better as compared with SVM classifier. However, 

training time required to train AlexNet with transfer 

learning is much higher than the training time required for 

training the SVM classifier.  Table 01 shows accuracy and 

training time for all experiments performed during this 

research. 

 
Figure 11: AlexNet accuracy plot of 30 categories with SVM 

Classifier and Transfer Learning. 

The experiment is executed with changing the 

number of images and categories by taking the maximum 

of 3000 images with intervals on 30 categories and 

analyzed the abrupt increase in accuracy with SVM 

classifier and Transfer Learning.  

The evaluation of the performance for the proposed 

methodology was measured by executing many 

experiments. The maximum of 4000 images with intervals 

was taken with 40 categories, 5000 images with 50 

categories so that more analysis of proposed 

methodology can be analyzed. The few graphs of 

comparison of AlexNet with SVM classifier and Transfer 

Learning are discussed above. For more classification all 

results of accuracy with changing number of images and 

categories are summarized in table 01.  

In the experiments, to show the effectiveness of the 

proposed image classification method, we mainly 

compare the results of pretrained CNN model in its two 

different tasks. And the results are reported in Table01. 

We can clearly see the difference in accuracy of SVM 

classifier and Transfer Learning and analyzed that as the 

number of images increases so the accuracy also 

increases in each category. The effect on accuracy i.e. 

decreasing is obtained by changing the number of 

categories from 10 to 20, 20 to 30 and so on with keeping 

images constant. For example, the accuracy while taken 

1000 images in 10, 20, 30, 40 and 50 have been 

decreased in both scenarios i.e. with SVM and Transfer 

Learning.  

Furthermore, the training time of pretrained network 

while performing experiments of the proposed method 

has also been noted and mentioned in Table 01. We can 

clearly see the difference in training time of SVM classifier 

and Transfer Learning and analyzed the increase in 

training time with increase in number of images. The 

greater change in training time, from minutes to hours is 

obtained between these both scenarios. 
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In this paper, we classify images using pretrained 

CNN model (already trained on more than a million 

images) as Feature Extraction and Transfer Learning and 

achieved the improved state-of-the-art results of 

classification. AlexNet with SVM classifier achieved good 

accuracy with quite less training time that is in seconds to 

minutes. Transfer learning has also obtained quite a good 

classification accuracy results, greater and more stable in 

accuracy than SVM classifier but it takes training time in 

minutes to hours depending upon the number of images 

specified. The benefit of pretrained CNNs model is the 

elimination of laborious feature-engineering task that 

provides easiness in learning newly assigned task to 

network and can benefit large scale applications. 
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