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Abstract

This empirical research study discusses how much the model’s accuracy
changes when adding a new image class by using a pre-trained model with the
same labels and measuring the precision of the previous classes to observe the
changes. The purpose is to determine if using transfer learning is beneficial for
users that do not have enough data to train a model. The pre-trained model
that was used to create a new model was the Inception V3. It has the same
labels as the eight different classes that were used to train the model. To test
this model, classes of wild and non-wild animals were taken as samples. The
algorithm used to train the model was implemented in a single class
programmed in Python programming language with PyTorch and
TensorBoard library. The Tensorboard library was used to collect and
represent the result. Research results showed that the accuracy of the first two
classes was 94.96% in training and 97.07% in validation. When training the
model with a total of eight classes, the accuracy was 91.89% in training and
95.40 in validation. The precision of both classes was detected at 100% when
the model solely had cat and dog classes. After adding six additional classes in
the model, the precision changed to 95.82% of the cats and 97.16% of the
dogs.

Keywords — artificial intelligence, machine learning, PyTorch, transfer

1earning.
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1 Introduction

Machine learning grows more popular in different fields every day, but it has its
challenges. Deep learning’s popularity is growing more than ever in multiple
different fields, such as healthcare, predicting earthquakes, language translations,
election prediction, fraud detection, and self-driving cars [1]. Deep Learning
resolves human problems and predicts solutions with high accuracy. This popularity
is due to deep learning, and providing outputs with training models made up of

input data.

Having an accurate model requires a large amount of data to train a new model.
Getting data to train a model could be difficult, especially for users that do not have
enough resources. It would put them at a disadvantage of not having a model with
the minimum accuracy they required. The context of machine learning is to train
the weights of the neural networks so that the model can make the correct output
out of inputted data [2]. Transfer Learning is a machine learning technique that uses
a pre-trained model to transfer its weight into a newly created model [3]. The user
can select and download a pre-trained model, with the same or familiar labels to

reach the minimum required accuracy, without any additional data to train a model.

1.1 Purpose

The purpose of the research study is to measure how effective it is to use transfer

learning to train an imagery model with insufficient data from scratch.

1.2 Goal

The goal is to have a pre-trained imagery model with the same label as the data set.
The model will begin with two different classes, and it will iterate until it reaches a
total of eight different classes. Before the next iteration, the accuracy of the model
and precision of each class will be collected. The data can then be used to analyze
the cause of precision or accuracy drop of the model. It will give a better
understanding of how beneficial it is to use transfer learning when it comes to
imagery prediction, such as the accuracy and precision changes when adding a new

class with the same label as the pre-trained model.



1.3 Delimitations

The model is designed to recognize and predict labels only using images. The image
file formats that support PyTorch are: .jpg, .jpeg, .png, .ppm, .bmp, .pgm and .tif
[4]. The images need to have at least 299x299 resolution to use the Inception V3
(pre-trained model) [5] to train and validate the model. It is possible to use a
different pre-trained model that has different labels. The pre-trained model needs to

have the same labels as the data set used to train and validate the model.



2 Background

Deep learning uses neural networks to train a model. It requires millions of
parameters and data sets to train a model to reach accurate outputs [6]. Models need
to recognize the pattern and relations along with the specifics of our problem. The
more data there is to train and validate the model, the better accuracy can be

expected. However, too much data could cause overfitting.

Google developed a model that identifies 1.28 million images from 1,000 object
categories [7]. Complexity in image classification is so powerful that it requires a
high number of parameters and a large data set for the training. Those are the

challenges of deep learning.

2.1 Artificial Intelligence

Artificial Intelligence (AI) is related to giving machine capability to mimic human
behavior, primarily cognitive functions, so that it can learn from the examples in the
data set and solve the obstacles [1], [8]. Today Al is being used in many sensitive
fields such as healthcare, predicting earthquakes, language translations, election
prediction, fraud detection, and self-driving cars [1], [9] to decrease human
intervention. Al uses machine learning and deep learning algorithms [8]. There are
different Al types, such as Artificial Narrow Intelligence (ANI) and Artificial
General Intelligence (AGI) [10]. The ANI is an Al system designed and trained to
complete a specific task, while the AGI can replicate a human brain’s cognitive
abilities [10]. When the AGl is presented with an unfamiliar task, it can use the
function to apply knowledge from one domain to another and solve the obstacle
autonomously [10]. There are different forms of Al used every day, even though
most people are not aware of them. If Al is going to perform a task based on the

input data with a neural network model, it is crucial to train the model beforehand

[11].



2.2 Machine Learning

Machine learning (ML) is the part of Al that allows the machine to learn and
improve from the experience. It allows the computer to learn from the data set
without user interaction and can adjust its actions based on the input data [12]. ML
is a part of Al that automatically builds a model from the input data and parameters
[13]. ML trains a model that can identify specific patterns from the input data set.
Today ML learns from previous models and produces more reliable decisions. It is
applied in many fields such as self-driving Google cars, robots, facial recognition,
traffic recognition of online transportation networks, medical diagnosis, and online
fraud detection [1], [8]. It is essential to train the model with training and validation
data to make better and more accurate decisions. The ML uses algorithms to analyze

the data, identify patterns, and make decisions [2].

There are different types of ML, such as supervised, semi-supervised, and
unsupervised learning. Supervised learning is a learning function that maps an input
to an output based on an example of input-output pairs [14]. Unsupervised learning
is another learning function used to draw inferences from a data set consisting of
only inputted data without labeled response [14]. Semi-supervised learning is a
combination of supervised and unsupervised learning methods. It uses an algorithm

that learns from a data set that includes both labeled and unlabeled data [14].

2.2.1 Supervised Learning

Supervised learning is the most commonly used learning system for training a model
[15]. The training model takes on a pair of data. The first is the featured data, and
the second is the labeled data. The featured data is the input data used to train the
model so that it can recognize the pattern it has and give the same output on a
featured data that has a familiar pattern [15]. The labeled data tell the model what
category the featured data belong in. It shows the model what output it should
generate from the featured data [15]. When the training model is complete, the
model will predict the output based on the input data [1]. Training a model with
more data will lead to higher accuracy of prediction, which means generating a

wrong output will be less over time [2].



2.2.2 Overfitting

Overfitting is a modeling error when a function is too closely fit for a limited set of
data points [16]. The model will try to memorize the images instead of learning
from it. From the graphical perspective, the loss value will be like a U shaped curve.
The loss will have high value from the beginning, but over time it will decrease.
Then, the value will start increasing again, and the loss value will worsen. It can

happen in any layer in the neural network [16].

2.2.3 Transfer Learning

Transfer learning is a machine learning technique where a model is trained (pre-
trained model) on one problem and then reused to solve a similar problem [17].
Millions of parameters and a large amount of labeled data are used to train a model
that will lead us to reach the output. Instead of training the other neural network
from scratch, we transfer the learned features [18], [19]. Training a model from
scratch needs considerable resources. Not every company has these enormous
resources, so transfer learning enables them to reuse a pre-trained model for other
related tasks. The targeted output can be reached without using considerable
resources [17]. If we were to build a self-learning car, it would take years to make a
decent image recognition algorithm. Alternatively, there is a model from Google
called the Inception model, which was trained on the ImageNet data set to identify

objects in those images [3].

Different kinds of pre-trained models can be downloaded from the internet, giving
the advantage of having a pre-trained model and its layer that best suits the desired
model that can solve a similar problem. As previously mentioned with the Inception
model, it has the ImageNet data set with 1,000 different classes with 1,281,167
training and 50,000 evaluation images [20]. There are different versions of Inception
models because of the changes made from the layers in each version. The latest
Inception model is the third version that has a total of 48 layers [21]. There are also
other models to use than the Inception, such as the MobileNet model that has 53
layers with 1,000 different classes [22]. The difference between the MobileNet and
Inception is that the MobileNet trains a model faster while Inception provides higher
accuracy when training a model [23]. There are different models to choose from that

fulfill different tasks. The user can choose the model depending on their necessities.



2.3 Artificial Neural Networks

Artificial Neural Networks, also called neural networks, are computational models
[24]. They are brain-inspired systems replicating the way that we humans learn [24].
Like human beings, they learn from historical data or examples. Once neural
networks are trained, they learn on their own by considering examples [25]. When
the training is done, the user can use the backpropagation technique that allows
networks to adjust their hidden layers of neurons if the outcome does not match
what the designer was hoping, for instance, a network designed to recognize dogs
but misidentifies a cat instead [24]. Neural networks are nonlinear statistical models
that find relationships between input data and output data to discover new patterns.

They can take sample data rather than the entire data set [26].
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Figure 1. The layers and weights of the neural network [27]

Neural networks have input, hidden, and output layers, as represented in figure 1.
The input layer is the first layer of a neural network, which receives input values in
image pixels, numbers and audio files, etc. Hidden layers are the in-between layers
of the model. There can be single or multiple layers that perform the mathematical
computation on the input data and recognize the input data patterns. The output

layer is the last. It receives input from the hidden layer and obtains the result [28].



Input, hidden, and output layers have a connection between each node. Each node
has a set of inputs, weights, and biased values. Weight controls the strength of the
signal between the two neurons, which decides how much influence the input will
have on the output [29]. Bias is an additional parameter in the neural networks. It is
used to adjust the output with the weighted sum of the inputs of the neuron [29].
The weight is represented as "W" in Figure 1 and shows the strength of the
connection between the units. If the weight from node 1 to node 2 (W1) has a

higher value, it means node 1 has a high effect over node 2 [28].
output = Z(Weight * inputs) + bias

The function calculates the output node that input data is multiplied by weights,
then bias value is added to the result. The bias value allows the activation function to

be shifted to the left or right, to fit the data better [30].

2.3.1 Convolutional Neural Networks

A convolutional neural network (CNN) is similar to artificial neural networks. It is
an algorithm that can process the input image and learn the image’s specific patterns
through filters [31], [32]. This feature allows the model to differentiate one image
from the other. For example, the convolutional neural network will learn specific
cat’s specific features, such as whiskers, pointy ears, and tails, and differentiate it
from the dog (figure 2) [32]. CNN has proven very effective in image recognition
and classification. Artificial neural networks do not scale the full image well. CNN’s
main advantage is its ability to pre-process the data by itself, which will prevent us

from spending many resources in data pre-processing.
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Figure 2. Convolutional neural network structure [33].

The images need to be converted into numerical data so they can be processed after
inputting the data; the numerical value is between 0 and 255, which is RGB color
model value [31]. Contrary to the linear arrangement of neurons in the artificial
neural network model, neurons (nodes) in the CNN model have an overall
structure of three dimensions (width, height, and depth). For example, 3x3x1 input
data means an input image of width 3, height 3, and 1 color channel greyscale.
3x3x3 convolution filter represents an input image with 3, height 3, and three color
channels (red, blue, and green). The convolutional layer is the most crucial in the
CNN model because it has learnable filters, which are the network’s weights. The
CIFAR-10 data set is a collection of images most widely used to train machine
learning algorithms. Images are of the size 32x32 and in color, so the first hidden
layer of artificial neural networks would have 32*32%3=3072 weights. So, this
fully-connected structure does not scale to larger images. This massive number of
parameters and hyperparameters would lead to overfitting. In a convolutional neural
network, each layer accepts 3D input images and then converts them to 3D output

through the differentiable function [31].



3 Process

The model began with training two classes. When the model was in a training or
validation set, it saved the accuracy and loss value in each iteration separately,
depending on if the model was training or evaluating. The model was trained with
ten epochs. It was the optimal value because the graph showed that the accuracy
(both training and validation) and loss value made less difference after the seventh
epoch [34]. Having a batch size of 32 in each iteration ensured that the graph does
not have a sudden accuracy spike. It calculated the average accuracy of those 32
images. Having a smaller batch size value caused a sudden spike because fewer
images were used to calculate the average accuracy. Saving the value in each
iteration gave accuracy and loss value that could be represented in a graph. The Y-
axis represented the accuracy or loss value, and the X-axis contained the number of
iterations. The training continued until the graph showed that there was only a very
slight difference in accuracy and loss value for each iteration. When the training was
complete, the record of the model was saved. That record included data such as the
graph of both training and validation for the accuracy and loss value, layers of the
model, and precision-recall curve. The record was used to compare the accuracy of

the previous model that had one less class.

The Inception v3 was created by using the ImageNet data set. The labels used to
train the model were cats, dogs, wolves, beavers, weasels, bears, otters, buffalos,
hippopotamuses, and chimpanzees. These labels also include in the ImageNet data
set [35] to test the transfer. The weights of the pre-trained model (Inception v3)
always have static value when training a new model. However, the value of the

neurons from the model could differ each time when training the model.



3.1 Tools

3.1.1 Compute Unified Device Architecture (CUDA)

The training of neural networks will take a long time, especially if the data set is
larger (approximately more than 25,000 images). The library, such as TensorFlow
and PyTorch, uses the central processing unit (CPU) to do the processing as a
default setting. Both of the open-source libraries have a function to run these
processes on the graphics processing unit (GPU), which was used to train the
models in this research. The GPU has many simple cores that allow parallel
computing through thousands of cores computing at a time. The training time is
shorter compared to running on a CPU [36]. The requirement of running on a GPU
for both libraries is the CUDA [37], [38]. CUDA is an application programming
interface (API) and a parallel computing platform created by Nvidia. It enables
developers to speed up compute-intensive applications by using the GPU’s power
for the parallelizable part of the computation [39]. The CUDA installation requires
Nvidia GPU that it is compatible with; not all of the Nvidia GPUs support CUDA,
so it is essential to check compatibility [40], [41]. CUDA supports Windows, Linux,
and Mac operating systems [42], [43].

10



3.1.2 Python programming language

The majority of data scientists and machine learning developers use Python as their
preferred programming language [44]. Around 33% of developers prefer it over any
other programming language, and professionals recommend it since the syntax is
simple, making the language easy to learn [44]. Python is an object-oriented,
interpreted, and high-level programming language with dynamic semantics [45]. It
is a high-level built-in data structure combined with a dynamic typing and binding
that makes it attractive for programmers that develops an application rapidly [45]. It
has no compilation step, and the debugging is easy because a bug or wrong input will
never cause a segmentation fault [45]. It will instead raise an exception, or if the
exception does not exist, the interpreter prints a stack trace instead [45]. Python is
the primary choice not only for the language but also for the wide variety of other
open-source libraries such as TensorFlow and PyTorch. TensorFlow and PyTorch
are machine learning libraries primarily used to train a neural network to create a
model. There are other Python libraries that can help while developing code to train
a model, such as Keras and scikit-learn. Libraries related to machine learning or
neural networks were useful, but other libraries such as NumPy also helped solve

many computation problems, and Panda, for data manipulation and analysis [44].

3.1.3 PyTorch

The popular Torch deep learning framework inspired the name PyTorch. It was
written in the Lua programming language. PyTorch is an open-source machine
learning library primarily developed by Facebook’s Al Research. The library was not
complicated to use compared to the other machine learning libraries, such as
TensorFlow. The developer of the library believed that they could create a deeper
learning framework that is free from complexity. They wanted to build a library that
was easy and simple to use, just like the Python programming language [46].

11



The PyTorch is the main open-source library used in this research to train the neural
networks by using a pre-trained model. The library was downloaded with the help
of PyCharm that has a package manager than can download different available
packages. After downloading the package, the package can be imported by
mentioning the package name of the class to use the functionality the library has to
offer. The library has the functionalities to download pre-trained models such as
Inception v3 and other available pre-trained models that could be used to test other

types of models.

3.1.4 TensorBoard

It is essential to analyze the model so that the required adjustments can be made.
The adjustments, in turn, can be used to create an improved model. TensorBoard is
a web application tool for providing the visualizations and measurements needed
during the machine learning workflow. It provides the functionality to track
experiment metrics like accuracy and loss value, visualizing an interactable model
graph, projecting embedding to a lower-dimensional space, and so forth.

TensorBoard supports not only the TensorFlow library but also others such as

PyTorch [47].

3.2 CUDA testing

It is crucial to have CUDA as it takes a long time to train or evaluate the model
otherwise. There is a separate class that tests if the current CUDA version supports
the PyTorch library, the total amount of GPU devices in the computer, and
information about those devices (such as names). The result is printed in the console

when the processing is done.
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3.3 Data set

The data set was stored locally on a computer, in the same folder as the code that
implements the transfer learning. Inside of the data set folder, there were two other
folders. The first folder was the training folder, and the second folder was
validation. The training folder had the images to train the model. The pictures inside
the training folder were categorized with a labeled folder. Each number of labeled
folders inside the training folder was the number of classes, and they held their
featured image data for that class. The validation folder has the images to evaluate
the model. It has a sample of the data set to test the model with the images that it
has never seen before in each epoch. The validation folder also has a labeled folder,
just like the training folder. The only difference between the training and validation
folder was that the validation consists of less data than the training folder. In

contrast, the training folder consists of the rest of the data set.

The training folder had approximately 4.400 images (1.81 GB), while the validation
had around 2.000 images (825 MB). The data in the labeled folder contained images
used to train or validate the neural network. The labels used to train the pre-trained
model were ten different varieties of wild and non-wild animals. The ten labels
were cats, dogs, wolves, bears, otters, buffalos, hippopotamuses, and chimpanzees.
There were at least 100 images and a maximum of 1.400 images in each labeled
folder in the training folder. The validation folder had a minimum of 50 images and

a maximum of 700 images in each of the labeled folders.

The data type of each image was JPG. Each image can have a different dimension,
but each image needed to have at least 299x299 for reaching the requirement of
using a pre-trained model [5]. Each image, both in the training and validation folder
were unique. Some of the images could contain one or more of the same label, and

the label’s whole body may not be visible.

13



Before creating or loading the model, the image data in both the training and
validation folders were transformed during the execution time. The Inception
model requires to resize the image data into 299x299 [5]. Before creating or loading
the model, the data set was transformed into the given image size of 299 pixels,
both in height and width. It also transformed each image into a tensor that each pixel
will have an RGB value from 0 to 255, and it even normalized the tensors with
given vectors. The training transformation rotated the images for data
augmentation, efficiently increasing the model’s accuracy and loss value without

having additional data.
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3.4 Create or load the model

There is a class that is capable of transforming the data set, creating and loading the
model, training the neural network of that model, and saving the records. This
functionality is implemented in a single class. The class can take in arguments when
running the code from the terminal. The user can change the parameter of the class
running from the terminal, such as giving the amount of epoch it should run in the
training process, if the class loads a model from an existing local dictionary or if the
fine-tuning is enabled. The user can see from the terminal what parameters are
available as inputs by typing in the class name and then writing "--help". If the user
does not give any inputs, it will run with the given default values. Getting the
terminal’s input value or the default value calls a method that creates or loads the
model based on the given value. Creating a new model from scratch creates an
inception version three models that are a pre-trained that has thousands of classes.
Creating a new model from a pre-trained model requires some slight modifications,
such as updating the number of classes from thousands of available labels in the
training folder. Afterward, when the model has been created, several things are
required before training the model. The criterion is necessary to calculate the loss
value from the given output value from the model after inputting the featured data
and the labeled data to check if the model has guessed right or wrong. The optimizer
updates the weight of the parameters to minimize the loss function. The loss
function acts as a guide for the optimizer to ensure that it moves towards the right
direction to lower loss values. There is also a scheduler for the optimizer that
reduces the learning rate every seventh epoch by 0.1. Reducing the learning rate
makes fewer changes to the weights of the layers in the model. If the learning rate is

too high, it will cause undesirable divergent behavior of the loss function [48].

Loading the model instead of creating it from scratch, is another approach. Instead
of creating the pre-trained model, it only copies the layers it has and sets the amount
labels available in the training folder. It restores the variables such as weights and
bias from the previously saved model. It also regains criterion, optimizer, scheduler,
and the iteration step from both training and validation. The iteration step must be

separate from training and validation when plotting a graph.
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Training the model using a small data set, especially when CovNet in the model has
a massive parameter, significantly affects the CovNet’s ability to generalize, often
resulting in overfitting. There is a fine-tuning functionality that could be activated
before training the model. Fine-tuning increases the training speed because only the
last layer’s weights are being adjusted in the model. If the data-set’s labels are
drastically different from the labels that were used to train the pre-trained model
and the sample size of the data set is less than a thousand, it is not recommended to
use the fine-tuning functionality. Training a model using a data set with the same
labels as the pre-trained model generates familiar weights. However, training a
model that has an unfamiliar data set as a pre-trained model generates different
weights. Having a commonly labeled data set as a pre-trained model only slightly
differs from the model’s accuracy and loss value. Suppose the data set labels are
unfamiliar with the pre-trained model. In that case, the accuracy and loss value
improvements are not as good as having a common data set with the same labels.
The model should then be trained without the fine-tuning functionality to adjust all
the weights of the model’s layers. The study was performed without turning on the
fine-tuning because all the classes from the pre-trained model (Inception V3) were
not included [35]. Having a small data set causes overfitting when using fine-tuning

[49].

3.5 Training process

After all the preparation, such as creating a model, criterion, optimizer, and
scheduler, the training process could finally begin. The first thing to do was to
create an instance of a timer that could keep the training time. Before starting the
training, it was essential to maintain a deep copy of the model’s parameters
dictionary using a deserialized state_dict method. The state_dict is a python
dictionary object that maps each layer to its parameter tensor [50]. Keeping a copy
of the model’s parameters dictionary ensures having a model with the best validation
accuracy. If another model surpasses the saved model’s accuracy, it would replace it

with that model.
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There was a loop that iterates until it reaches the given max epoch value from the
user. Each epoch trains the model with the whole data set available in the local
dictionary and evaluates the model. The process continued until it reaches the end
of the loop. There was an additional loop in the epoch loop. The second loop
considered if the model is training or evaluating. It means the loop iterated two
times. The first one was training, and the second was evaluating. It made sure to tell
the model if it was evaluating or training and not using the validation images for
training the model. There was also a third and final loop; iterated every feature and
label available in the local data set, depending on whether the model is in the
training or evaluation mode. If the model had been in the training mode, it would
have used the training data set. If the model had been in the evaluation mode, it
would have used the validation data set. There was a counter that counted the
number of steps separately for training and evaluation. It was used to plot the x-axis
of the graph to check the accuracy in each iteration. Before inputting the model with
features data to train the model, the grad had to be enabled if it was in a training
state. Enabling the grad made sure to clear the intermediate value for evaluations. It

was needed to backpropagate during the training and saving memory space.

The model could then be inputted with featured data to train or evaluate the
prediction of the model. When the model had generated an output (the prediction),
it was used to calculate the accuracy and loss value with the label’s help. When the
accuracy and loss value calculation was done, it saved both values and iteration steps
in the records file. Before the evaluation mode was done, it compared the validation
accuracy if it was better than the previous epoch. If the accuracy was higher than the
previous epoch, then the model’s parameters dictionary should be deep copied. It
will ensure having the best model with the highest validation accuracy. Before
moving on to the next epoch, it will save the training and validation steps, model’s
parameters dictionary, optimizer, scheduler, and then criterion when training the
same model for the next time. When all of the loops are made, it will print out the

total time it took to finish the model’s training.
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3.6 Records

While the model was in a training or validation state, it would save the model’s
records in each iteration (batch size of four). The records were kept in a local
historical dictionary in the project folder as a file. The file contains a graph, model’s

construction, and precision-recall curve saved from the Tensorboard library.

Two separate graphs share two lines each. The first graph was the accuracy with
training and validation line, and the second was loss value with training and
validation line. The accuracy and loss value were added in a single file in each

iteration and the current amount of global step (iteration step).

When the training was complete, it saved the structure of the model. The user
could then interact with the model to further inspect, such as the layers it contained
and the output from the layers (figure 3). It was a useful functionality to check if the

model behaved as expected or needed some slight modifications.

( output ) =

Inception3

( input j

Figure 3. Inception model, both closed and open.
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When the structure of the model was saved, it also kept the precision-recall curve
(PR-curve). The PR-curve is a plot of the precision in the y-axis and the recall on
the x-axis. Both precision and recall sampled the data points from the validation
folder to test the model. The precision refers to the fraction of the relevant instance
of the total of the retrieved instances. The recall refers to the fraction of relevant
instances retrieved in the total amount of the relevant instance. In the other view of

point, precision and recall are measurements of relevance [51].

. true positives terrorists correctly identified
precision = — . 7] = % Z T T : A
true positives + false positives  terrorists correctly identified + individuals incorrectly labeled as terroists
true positives terrorists correctly identified
recall =

true positives + false negatives ~ terrorists correctly identified + terrorists incorrectly labeled as not terrorists

Figure 4, the formula for both precision and recall [51]

True positive (TP) is when the model correctly predicts the positive class, false
positive (FP) is when the model incorrectly predicts the positive class and false-
negative (FN) is when the model incorrectly predicts the negative class [52]. If the
precision value has generated a value of 1.0, that means the model has not produced
any false positives. If the recall also gets the same value, that means the model has
not produced any false negatives [53]. The formula for precision and recall can be

observed in figure 4,
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4 Result

The first model began training with the first two classes, cats and dogs. The result
after training the model with ten epoch was 94.96% training and 97.07% validation
accuracy. The PR-curve showed that the value of precision from both labels was
100%. It means that neither label got any false positives (Table 1). The data could

then be used to compare it with the next model with an additional class.

The wolves were the next class to be added to the model. The model was trained
with the same amount of epoch, but it had more iterations due to the fact that class
were to be added into the model. Adding wolves into the model changed the
accuracy roughly to 93.36% training and 95.66% validation. The training accuracy
was lost by 1.6%, and the validation was lost by 1.41% compared to the previous
model. The cat and dog class from the previous model dropped their precision by
2%. The wolves did not get any false negatives (Table 1). The labels (cats and dogs)
from the previous model did not have any false positives. Just from adding wolves
into the model caused cats and dogs to lose their precision slightly. The model was
better in predicting wolves than cats and dogs because they had a better precision

than the other classes.

Adding bears into the model changed the accuracy by approximately 93.07%
training and 95.72% validation. Comparing it to the previous model, training
accuracy was lost by 0.29%, and the validation accuracy was increased by 0.06%.
Adding the bears into the model changed the precision of all the classes to 100%
(Table 1).

The model’s accuracy was changed to 92.53% on training and 95.46% on validation
after adding otters to the model. Compared to the previous model, the training
accuracy was lost by 0.54% and 0.26 on validation. The otters had a precision of
99.32%. Adding otters to the model reduced the cat’s precision to roughly 99.12%,
96.82% of the dogs, 99.21% of the wolves, and 96.45% of the bears (Table 1).
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Adding buffalos into the models changed the training’s accuracy to 92.62% and
95.68% for the validation. The accuracy of the training model was improved by
0.09% and 0.22% for the validation, compared to the previous model. The buffalo’s
precision was 99.44%, and the otters and wolves were improved to 100%. The
dogs also were improved to 97.80%. The decreased classes are bear to 92.72% and
97.33% of the cats (Table 1).

Adding the hippopotamus to the model changed the accuracy to 92.69% of the
training and about 95.28% for the validation. The accuracy of the training was
reduced by 0.07%, and validation increased by 0.40%. The precision of the
hippopotamus was 97.96%. The precision of bears improved to 97.38%, while
precision for buffalos was decreased to 96.22%, 95.48% for the otters, 96.32% of
the dogs, and 96.22% of the cats (Table 1).

Adding chimpanzee into the model changed the training accuracy to 91.89% and
95.40% for the validation. The training’s accuracy was reduced by 0.80%, and the
validation was increased by 0.12%. The precision of the chimpanzee was 98.68%.
The classes that were improved in precision were buffalos to 96.77%, 97.87% of
the otters, and 97.16% of the dogs. The hippopotamus’s precision decreased to
94%, 96.41% of the bears, and 95.82% of the cats (Table 1).

Table 1, the result of the first model with at least 250 images in each class.

Numberof | Training |Validation Time Training | Validation Cat Dog Wolf Bear Otter Buffalo | Hippopotamus | Chimpanzee
Classes | iteration | iteration accuracy | accuracy | precision | precision | precision | precision | precision | precision precision precision
2 640 290 6:35 94.96% 97.07% 100% 100% N/A N/A N/A N/A N/A N/A
3 720 340 7:12 93.36% 95.66% 98.23% 98.06% 100% N/A N/A N/A N/A N/A
4 900 390 8:29 93.07% 95.72% 100% 100% 100% 100% N/A N/A N/A N/A

5 1020 440 9:16 92.53% 95.46% 99.12% 96.82% 99.21% 96.45% 99.32% N/A N/A N/A
6 1150 500 10:14 | 92.62% 95.68% 97.33% 97.80% 100% 92.72% 100% 99.44% N/A N/A
7 1250 540 11:00 92.69% 95.28% 96.22% 96.32% 100% 97.38% 95.48 96.22% 97.96% N/A
8 1350 590 11:56 | 91.89% 95.40% 95.82% 97.16% 100% 96.41% 97.87% 96.77% 94% 98.68%

The accuracy dropped when an additional class was added into the model (figure 5).
Sometimes the accuracy increased after adding a new class instead of decreasing.
The pre-train model always has the same weights, but training the model can give

different weights compared to the previous training session.
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Training vs. Validation Accuracy
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Figure 5. Accuracy changes of the first model.

The first two classes (cats and dogs) from the first model were used to compare the
precision when adding new classes in the model. Most of the time, adding a new
class into the model would drop the precision of cats and dogs (figure 6). Both cats
and dogs had more data compared to other classes. However, there were different
classes in the model that had better precision than cats and dogs. That might be
because the other classes possibly had common features with cats and dogs. There
are also different type of cats and dogs. Some could be ten times smaller than other

dogs.

Precision Changes of Cat & Dog
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Figure 6. The precision changes for the cat and dog class in the first model.
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The second model had beavers and weasels instead of hippopotamuses and
chimpanzees. The beavers and weasels had less than 120 unique training images and
70 validation images. Giving fewer data to the beavers and weasels than the other
classes reduced the precision of both and some other classes. It also reduced the
accuracy of the model. The pre-trained model was the first model before training

the bears. The result can be viewed from the table 2.

Table 2, the result of the second model that each class has at least 200 images, besides beaver and weasel. The
beaver and weasel class has approximately three times fewer data compared to the other classes.

Numberof | Training |Validation Time Training | Validation Cat Dog Wolf Beaver Weasel Bear G Buffalo
Classes | iteration | iteration accuracy | accuracy | precision | precision | precision | precision | precision | precision precision
2 640 290 6:35 94.96% 97.07% 100% 100% N/A N/A N/A N/A N/A N/A
3 720 340 7:12 93.36% 95.66% 98.23% 98.06% 100% N/A N/A N/A N/A N/A
4 750 350 7:22 90.31% 94.21% 93.39% 97.87% 100% 78.26% N/A N/A N/A N/A
5 780 370 7:46 88.04% 88.15% 92.59% 96.61% 100% 78.26% 80% N/A N/A N/A
6 970 430 8:47 89.26% 91.78% 95.22% 96.81% 98.48% 97.62% 94.09% N/A N/A
7 1080 470 11:33 86.89% 89.22% 93.52% 95.88% 100% 72.22% 96.52% 91.49% N/A
8 1210 530 12:59 88.55% 90.65% 90.57% 96.52% 97.01% 65.85% 96.60% 97.26% 98.88%

Training vs. Validation Accuracy

Figure 10. The changes to the accuracy of the second model.

The accuracy after the fourth class (beaver) dropped significantly, while after the
fifth class (weasel), it fell much more dramatically (figure 10). The beaver and
weasel precision was lower than the other classes in the model (Table 2). The other
classes, such as the otter, had less precision than the first model because they might
share the same feature. The cause of this precision was the lack of data for the

beaver and weasel class.
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5 Discussion

The purpose of the research was to determine how effective it is to use transfer
learning for users with insufficient data to train an imagery model from scratch. The
comparison between the first and second models was that if there were fewer data
in one class than the others, it would negatively affect the model’s accuracy and
other class precision. The second model had two classes with approximately three
times less data than the other classes. The result was that both the training and
validation had less accuracy than the first model (Table 1 and 2). The two classes
(beaver and weasels) from the second model had worse precision than the other
classes. It affected other class’s precision, such as cats. Having enough data for each
class is essential to train a model when using a pre-trained model. The consequences
of not having enough data for each class caused less accuracy for the model, and

precision dropped for the classes with less data and some of the other classes.

The cats and dogs had the most data compared to the other classes in the model.
Having more data than the other classes did not cause higher precision than the
other classes. Checking the data for both of the classes clarified the reason behind it.
There were different types of cats and dogs, such as the Pekingese and German
Shepherd. Both of them are classed as dogs, but they do not look alike. The
Pekingese is much smaller, and their ears and tail are almost not visible compared to
the German Shepherd. The wolves class had less data than cats and dogs, but it still
had more precision than both classes because there was only a single type of wolves
in the data set. The classes with different types such as cats and dogs should be
treated with the same amount of data as a single class if they do not look alike as the
other types. It is also essential to have good enough data for other classes to improve
the precision of the first two classes. The two classes replaced in the second model

gave the majority of the classes less precision.

5.1 Previous attempts

There were different attempts to create a transfer learning project. The first attempt
included using the TensorFlow library instead of the PyTorch library. However,
there were some issues with restoring the weight and bias value, which was a vital
part of the transfer learning. Not being able to transfer the weight and bias value

from the pre-trained model would give the model random weight values.
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The second attempt included using the later version of the TensorFlow. There is a
script that can automatically upgrade the previous version code to the latest version
of TensorFlow [54]. The script did not work because the critical module was
missing in the latest version of the TensorFlow. The name of the module is
tf.contrib, and it was deprecated when TensorFlow 2 was released [55]. It was an

essential module from the previous code to achieve Transfer Learning.

5.2 Alternative tools

Different tools could have been used to train the neural network or even to
represent the results. One of the tools that could have been used is to train the
neural network is Keras library. There are also different kinds of libraries that could
be used to represent the output of the model, such as Matplotlib and OpenCV
library. The TensorBoard was chosen because it was easy to use and had the
requirements (such as creating PR-curve and interacting with the graph) that were

necessary to collect data.
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6 Conclusions

The accuracy changed when new image classes were added into a model using a pre-
trained model. Transfer learning enabled the recognition of eight classes of images
data with a minimum of 95.4% validation and 91.89% training accuracy. The
precision accuracy for each class was higher than 94% (figure A1). Each class had at
least 250 unique images in the training folder and 100 in the validation folder. The
average accuracy dropped by 0.28% for the training and 0.51% for the validation.
The second model was created to test the minimum requirements of unique images.
The hippopotamus and chimpanzees were replaced with beaver and weasel with a
maximum of 120 unique training images and 70 unique images for validation. The
beaver’s precision dropped to 55.65%, and the weasels to 65.85%. The second
model’s accuracy dropped to 90.65% for the validation and to 88.5% of the training
(figure A2). The second model proved that if there were classes with insufficient
data to train the model, it would harm all the class precision, and the accuracy of the
model would also be affected. Two classes of eight had less than 120 unique
training and 70 unique validation images. The other classes had 250 unique training
and 100 unique validation images, which was enough not to affect the accuracy of
the model negatively. The average accuracy drop for the model was 1.07% for both

training and validation.
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The precision of the first two image classes when adding a new class into the model
using a pre-trained model was as follows; the average precision drop for the first
class, cats, is 2.09%, and for the second class, dogs, is 1.42%. Both cat’s and dog’s
precision when adding a new class can be observed from figure Al. The dogs had
much more data (unique images in the training and validation folder) compared to
the other classes. The cats had the second most data. Even with that much data, they
did not have the best precision compared to the other classes in the model. The
classes that had better precision than the dogs and cats was otters, buffalos, and
wolves. So having more data for a specific class did not mean that it will have higher
precision compared to the other classes. The cause of the dog’s lack of precision was
likely that they had common features with other classes, such as wolves because they
are the same animal type. It could also be that there were different types of dogs. It
would be hard for the model to predict dogs if different breeds did not have
widespread features to each other. Having more data for both kinds (Pekingese and

German Shepherd) will help the model to predict both types as dogs [56].
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