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I

Abstract
This research project seeks to investigate the use of Image Data augmentation that
generates synthetic data by adding distortions to original images, as a means of replacement to a
large amount of real data used to train the Convolutional Neural Networks. The purpose of
the research project is to assess the effectiveness of augmented data over the real data by
comparing the performance of the model trained with various amounts of augmented
training and validation data ratio.

Deep learning tasks involving convolutional neural networks have difficulty in
generalizing the models effectively for computer vision tasks when the training dataset is
not enough in size. The cause for this is overfitting i.e. network learns the details of
training data so much that it starts to negatively impact the performance on unseen data. In
order to avoid overfitting, this project incorporates existing methods of transfer learning,
deeper networks, dropout layers, with data augmentation.

By looking into different ratios of training to validation dataset, this research projects
evaluates the impact of increasing training data augmentation and variation in validation
dataset size on the performance of a convolutional neural network in a multi-class
classification task. The research with a series of trained models, observed that with increasing
amount of augmentation, the network performs better in terms of accuracy, loss. Also, if the
data is split in training and validation set precisely, better performance was obtained even
with smaller dataset.
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Chapter 1 Introduction
Deep Learning networks in recent years have been of significant importance in handling huge
amount of data. With multiple levels of extraction, the architecture helps the processing
layers to learn representation of data. Over the years, with improvements in architectural level
and depth of neural networks, Artificial Neural Networks (ANNs) in deep learning have
become increasingly successful in supervised learning tasks such as object detection, image
classification etc. Performance of Deep Convolutional Neural networks (CNNs) coupled with
development of computational power have become key instrument in the field of image
classification, segmentation and detection (LeCun, Bengio, & Hinton, 2015).

With sparsely connected neurons in the architecture, preserving the spatial features of
images, CNN Networks with varying depth in terms of number of layers can be adjusted to
achieve better performance for task in hand. With CNN, although there are many fields of
exploration, improving the generalization ability of the model remains a challenge that has
driven research in the field over recent years. Generalization refers to how good the model
performs on the unseen data as compared to its performance on training data.

In this research project, the focus is to review impact of one of the techniques for
increasing generalization ability of the model, called Image Augmentation and analyze
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its effect on the overall performance of the model. Also, the research looks at the
Augmentation technique as a solution to lack of data for training.

1.1

Background

First impressions of image data augmentation in work were observed in the form of data
warping in the experiment conducted on LeNet-5, which worked on implementation by
transforming the images such that their labels are preserved. This was applied to the
classification of handwritten digits in CNN. Another important type of data generation in
terms of class imbalance is achieved through oversampling, meaning generation of additional
samples for minority classes, and making the number of instances balanced in all classes.
(LeCun, Bottou, Bengio, & Haffner, 1998).

In addition to the focus on limited datasets, a problem of class imbalance was also
considered on how Data Augmentation can be a useful oversampling solution. A comprehensive study by Leevy, Khoshgoftaar, Bauder, and Seliya (2018) describes a list of the
existing solutions for class imbalance. These methods included data level and algorithmic
level solutions to the data imbalance problem (Leevy et al., 2018).

The AlexNet CNN architecture developed in 2012 worked on image classification by
applying convolutional networks to the ImageNet dataset. In this experiment, Data was
increased by a magnitude of 2048 by using Data Augmentation. This Data Aug- mentation
helped reduce overfitting when training a deep neural network. The authors claimed that the
augmentation helped to reduce overfitting the deep neural network’s error rate by over 1%
(Krizhevsky, Sutskever, & Hinton, 2012).

Since then, slight improvements were observed in error rate in models like VGG (2014),
Inception and Exception (2016), Inception ResNet (2017). This was enhanced mostly by
tweaking some parameters and inclusion of regularization techniques like Batch
2
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Normalization, Dropout, Stacked convolution blocks etc. in the architecture. The
increasing complexity began to evolve on the issue of overfitting.

Gogul and Kumar (2017) worked on a comprehensive study based on Transfer learning on
standard models that have been in recent applications. With transfer learning being applied on
these ImageNet models, better results were observed on different datasets, because of
ImageNet data-set’s relevance to the real data. With many classes, ImageNet trained
models provide a good feature selection for any other dataset.

In the cases of imbalanced datasets, where each class is having a different number of
instances, the model performance is not properly judged when considered in terms of
accuracy, because it might be possible that if one class has fewer instances, while the other
have comparatively high, the mis-classification of former class won’t affect much on the
overall accuracy if the latter class is being classified correctly. This will have negative
impact on overall performance specially when the class with lesser instances accounts for big
business reasons. So other parameters like F-1 score provide a good metrics to observe
model performance.

1.2 Research Project
Data Augmentation in cases of data shortage to train a convolutional neural network has
been a topic of study for recent

years. Data Augmentation provided

by

“ImageDataGenerator” class of Keras in Python provides an easy option to obtain augmented
images for training the network. This research project evaluates the use of augmentation on
different size of training data in two approaches defined with varying and fixed size of
validation dataset. Two models- One a custom CNN and another one transfer- learning model
based on standard ResNet-50 architecture were trained on such data partition to understand
the effect of augmentation.

Considering the above scenario, the purpose of this research is to understand how effective
3
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is the combination of real and augmented image datasets over real image datasets in order to
improve performance of two different baseline architectures of CNN. The performance of
these two models with different amount of augmented training data was assessed and compared
based on three different performance metrics, namely Model Loss, F1-Score and Accuracy.
These metrics have been chosen to consider imbalanced data along with the penalty for
wrong classification in terms of loss.

1.3 Problem Definition
CNN’s are usually built as complex structures with multiple types of layers having varying
numbers of neurons. CNN’s though effective in dealing with image classification tasks, do
require a large amount of data to produce results that are more accurate. This leads to a bigger
problem in the initial phase of the process- the collection of data. Since data collection is a
tedious process and it takes a lot of time and cost to perform that.

If the training data is small in size, then it is usually seen that the model overfits the
training data, which gives good results in training classification, but leads to poor results
when evaluated with test dataset. The problem with dataset with real-time captured images
is the variable size and pixels of the data which can lead to additional pre-processing steps in
cases of processing with CNN. Also, manual labelling of the real dataset is a tedious task.
Image Augmentation provides a better option of generating randomly perturbed images
without any additional need to label the dataset and thus reduces pre-processing efforts. The
Augmentation has been observed to achieve better results but there have not been enough
studies to observe the affect with reducing amount of training data.

A generally acceptable parameter considered for model evaluation is in terms of accuracy,
that is the instances correctly classified. However, it is important to consider the need to
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prioritize instances not classified correctly as well, to calculate overall performance. So, it
becomes important to also consider the Loss, which gives the result including misclassification cost for the model.

Another issue when the dataset is collected manually is imbalance in classification, which
means one or more classes being more heavily dominant on the entire dataset in comparison to
other classes. To consider such cases, Accuracy is not a good parameter for evaluating
performance, rather the F-1 score is considered a better performance matrix.

1.4 Research Objectives and Methodologies
The objectives of this research are to look for an economically and time viable approach to
make the models perform better even on small samples of data. The research presents a
detailed comparison of different combinations of real and augmented data in order to
understand the effect of augmentation on overall performance of the model. The ultimate
objective is to obtain a generalized result that can be expanded to other smaller datasets as
well.

The research also prioritizes the importance of not just the accuracy but loss and F1 score
as well to evaluate the model performance. On all the combinations on two different baseline
models, performance has been analyzed based on these three metrics. The final acceptance or
rejection of hypothesis is based on the comparison of results obtained.

The research methodologies involved are quantitative, which looks for the performance
comparison of the trained models based on the F1 score and accuracy matrix. Since the
dataset is already identified and the research is based on previous works conducted in the
area, this is secondary research. The experiment is based on a deductive approach by
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defining of hypothesis first and then making empirical observations to assess the models
and test the hypothesis proposed. Finally, an analysis of the levels of augmentation has been
detailed based on results obtained for different combinations.

1.5

Scope and Limitations

The research is limited by the lack of parameter optimization. The parameters that were set
for the data augmentation and model fitting were slightly deferred from the default
parameters based on a preliminary analysis on a fixed dataset.

The dataset included is a multi-class Flower recognition dataset. The reason for considering
this dataset is, it contains images that are manually captured, and represents class imbalance
to certain extent with up to 40% difference in number of images be- tween the majority and
minority classes. While not much research has been conducted on this particular dataset, it is
a suitable candidate for a data augmentation study because of the varied images and small
size of this multi-class dataset, which is the primary reason for choosing it.

Because this project uses a dataset, that while relevant to the study of augmentation, does not
impact substantially on a practical field, unlike other datasets such as medical imaging or
weather images. This can be considered as a limitation in scope. However, it also presents an
opportunity to produce an original analysis, which relates and adds to the existing study of
the Data Augmentation.

The effort is to expand the scope of research by focusing on one dataset and to explore the
affect that training the model on different samples of the training dataset has on the overall
performance of the model. This study is mostly limited by time-constraint of the thesis but
using the results of this study will enable to put this research in place to study for other
datasets as well, that have more impact in practical applications.
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1.6 Document Outline
Review of Existing Literature:
This chapter details the progression in neural network describing some of the main advances
and different architectures that were developed, and feature improvements done over the years.
Also, there is an explained section on the ’Data Shortage Problem’, and what methods
have been employed to overcome it. Relating to that, techniques of augmentation have
been discussed which are relevant to this thesis.

In further sections, this chapter provides a general view of metrics for evaluation
considering the imbalance problem with the goal of clarifying the subject and defining the key
domain specific concepts that are necessary for understanding the need for evaluation
parameters. Secondly, this chapter also provides a more in-depth review of the literature and
research on various different types of techniques that are currently available. In the end, this
chapter outlines some of the unexplored areas in literature and any gaps that have been
identified in the research conducted for this project.
Experiment, Design and Methodology:
This chapter explains the experimental choices made in this research. For this project, two
baseline models that are used that were trained on variations of different splits on the same
dataset using two different approaches of fixed and varying validation set.

This chapter also gives a brief explanation and introduction of the model architectures chosen
detailing the importance of factors taken into consideration while creating custom model
and the ResNet-50 based standard architecture transfer learning model. A detailed explanation
of dataset is presented followed by an explanation of splits applied to the dataset in
Training, Validation and Test set, and how they were used to assess the performance of
the models.
7
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Experimental Results, Evaluation and Discussion:
This chapter includes all of the results obtained during the experiment. In addition to the
results, a brief analysis of the result has also been included detailing the variations obtained.
The results are then analyzed for two different strategies used- Fixed and varying
validation set. Both strategies were tested on a custom as well as a standard ResNet-50
architecture-based model.

After the analysis of result, the hypothesis testing has been done, which details whether the
hypothesis has been accepted or rejected. Later, an evaluation of experiment providing a
brief discussion of strengths and weaknesses of experiment follows.
Conclusion:
This chapter presents the findings obtained from the result analysis, following a discussion
on same. A brief discussion of the strengths and weaknesses of the experiment have been
outlined in this chapter.

Then based on the experience during the experiment and comprehensive analysis of results,
future recommendations have been included, defining different aspects of the experiment that
could further be explored. Finally, in terms of Contribution and impact, the details have
been summarized that align to the study within the field of Data Augmentation in Deep
Learning.
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Chapter 2
Review of existing literature
2.1

Application and Design of CNN

Artificial neural networks have been of increasing importance in handling large amounts of data.
With division of a large network into smaller neuron structures where each of them can
have an individual role in assessing the data, it becomes easier to analyze and make models
which can deal with complex data forms. Convolutional neural net- works (CNN) are one of
the architecture designs under the artificial neural networks that have achieved considerable
success in comparison to other algorithms like Naive Bayes and Decision Tree in cases of
handling the image datasets than the other types of neural networks (Al-Saffar, Tao, &
Talab, 2017).

Convolutional Neural Networks follow a hierarchical network structure consisting of several
layers of neurons aligned together, that process small bits of input data at a time and
combine them in the output layer to give the output. CNN are good at learning the spatial
features of the images with the help of various building blocks such as pooling layers,
convolutional layers, and fully connected layer. While pooling layers and convolutional
layers perform the feature extraction task, the fully connected layer convolves these features
and produces a resultant output. By altering parameters in the CNN structures based on the
type of data and problem description, their performance could be very well adjusted, which
can be used in cases such as to avoid
9
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overfitting (Jarrett, Kavukcuoglu, Ranzato, & LeCun, 2009).

CNN’s have been the state of the art in the field of object detection, face recognition,
computer vision, medical imagery, and many more for over a decade. In 1959, a neurobiological experiment conducted by Hubel and Wiesel, which detailed the functioning of
human visual system was published, which worked as a foundation for many cognitive
models (Hubel & Wiesel, 1962).

Getting inspired from the way human visual perception works, computer scientist Yann
LeCun in the late 90s developed the CNN architecture for image classification task, known
as LeNet-5, which constituted of 2 convolutional and 3 fully connected layers. Figure 2.1
represents the LeNet architecture deign. This architecture has total of 60,000 trainable
parameters. This architecture became baseline for development and enhancement of other
latest neural networks, working on the principle of stacking convolutional and pooling layers
within the network and output generation with a dense layer. (LeCun et al., 1995)

Figure 2.1: LeNet Architecture (LeCun et al., 1995)

In 2001, Csáji presented a theorem, which states that a single hidden layer is sufficient to
approximate any function. However, this comes at the cost of exponentially many neurons;
thus, it often makes it computationally non-realistic. This was basically the approach behind
development of deeper network, with high computation power,
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the depth of CNN architectures grew and resulted in performance improvement (Csáji et al.,
2001).

The study in field of Neural network was then picked up again after 2012 by some
ImageNet trained models, which defined breakthrough with introductions of different features
and architectures:
1. AlexNet(2012): Figure 2.2 represents AlexNet architecture, with 3 Fully connected
and 5 convolutional layers, this model had 60 million parameters.

Figure 2.2: AlexNet Architeture (Krizhevsky et al., 2012)

This model successfully implemented overlapping pooling and ReLU activation, which
showed the ReLU functioning better in separating Categorical classifications than the
existing hyperbolic tangent activation function and observed performance improvement in
multi-class classification on ImageNet dataset. (Krizhevsky et al., 2012).
2. VGG-16(2014): Later in 2014, as Figure 2.3 defines VGG-16 architecture, the first
among the deep networks was introduced, with 16 layers and over 138 million
parameters (Simonyan & Zisserman, 2014).
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Figure 2.3: VGG-16 architecture- (Simonyan Zisserman, 2014)

This architecture was able to achieve a lesser classification error than the existing
networks, but it took a lot of time to train the model from scratch. But with advances
in computation power, this began the study for deeper networks that help to increase
generalization ability of the model.
3. ResNet(2015): In Figure 2.4, a 50-layer deep architecture, divided into blocks
consisting of 2 or 3 convolutional layers had 26 million parameters is represented (He,
Zhang, Ren, & Sun, 2016).

Figure 2.4: ResNet-50 architecture- (He et al., 2016)

Important features of this network include introduction of Batch Normalization layer,
which demonstrated ability to reduce overfitting while training on smaller datasets. The
effect of Batch normalization is discussed in detail in Section-2.2.1. Another feature of
the network was Skip connection between layers, this allows to add more layers without
compromising with the accuracy of the model, as some nodes directly connect to other
nodes skipping one or more layers in between.
These features along with lesser training time required to train smaller number of
parameters make this model a suitable candidate to take as a standard model
12
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to do transfer learning with the dataset. The ResNet-50 variant has been taken as the
model to study for Transfer learning.

Figure 2.5: Error percentage of Top performing ImageNet models over the years

As evident from the comparison image in Figure 2.5, ResNet architecture achieved minimum
error rate out of existing ImageNet architectures. Along with that, ResNet-50 variant has
lesser number of layers and parameters as compared to the other architectures. For this reason,
ResNet-50 has been chosen as the Standard model to do transfer learning on, in this project.

2.1.1

Approaches to Image Classification

A number of studies published over the last decade have applied convolutional neural
network in the field of visual imagery and computer vision and have shown significant
achievement of neural networks in tasks such as classification and segmentation of image
data. Zhang, Han, Bai, and Ma (2019) did a study over a similar flower dataset of Oxford17 presented how well a custom 8-layer CNN assess the image data
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as compared to other algorithms such as decision tree and Naive-Bayes making convolutional
neural network a better classification architecture for real-image classification. The study
designed an image feature extraction based on CNN but stick to accuracy as the
performance measurement, even when the amount of data was limited across classes. The
inclusion of loss matrix could have provided a better insight considering the accuracy
achieved was ranging around 80%.

Gogul and Kumar (2017) conducted a study focused on the using the spatial feature of
images and then using Transfer learning to use pre-trained weights to work on the smaller
datasets. This technique was particularly helpful in cases of lack of data to train the models
on. For that purpose, pre-trained networks were explored, and their parameters were finetuned on new datasets. There was improved performance in terms of classification
accuracy. This result gives an idea of benefit of transfer learning using Neural Network as
extractor clubbed with Random Forest provide better results, but for the purpose of current
study it is not feasible to use with hardware specifications in use.

Jia, Liu, Xiao, Liu, and Chou (2015) applied ensemble network classifier which included a
CNN in parallel with other networks to make a better performing network including the
Attention mechanisms which makes it easier to get grasp of spatial features. However, there
was too much complexity in network architecture, and it was specifically developed for the
task in hand. Also, the use of ensemble networks involves use of high computations.

2.2

Problem with small dataset

Convolutional neural network though quite effective in Image classification, the major issue is
CNNs are data hungry, i.e. they require a lot of data to train on to produce effective
results. The more the data, the better the performance of the model. This causes a bigger
problem of collection of large amount of data.
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One of the important issue while collecting the data is labelling. Without the correct labels
defined for entities, it would be very difficult to train the network. A big issue with data
collection is labelling of the data into respective class that it belongs to, it requires a lot of
human effort, and if machines are trained to do so, they are usually not so good at the
labelling task, because a model can only be labelled based on the training data provided,
but if the training data provided itself was less, than it is usually a less reliable method.

The issue with small datasets is that there is higher risk of overfitting. This is a
phenomenon when the model trained gets generalized too much on training data and show
really good performance. However, in validation or Test dataset evaluation, its performance
is negatively impacted. Such models may seem to be performing good in training phase but
fail to perform on unseen data which is usually test or validation set. This issue make such
models non-fit for the purpose (Mac Namee, Cunningham, Byrne, & Corrigan, 2002).

2.2.1

Approaches to avoid issues with small dataset

In the real world the major problem is availability of good data, since there is not much quality
data available but rather a huge bunch of unsaturated data. The algorithms require a good
clean data in order to perform efficiently. But it is a tedious and time taking process, and
also it is not assured if that data fits the problem. So, most of the time, there is very less
data, and this becomes a necessity to adjust with the data shortage. Various functional
approaches have been developed to avoid issues caused with small datasets (Shorten &
Khoshgoftaar, 2019):
1. Dropout Regularization: Regularization is one of the key elements of deep learning,
allowing to generalize well to unseen data even when training is done on limited set
of data (Goodfellow, Bengio, Courville, & Bengio, 2016).
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Dropout regularization is one such technique that randomly disconnect certain ratio of
neurons during training. This makes the network to achieve robust- ness by learning
different features, rather than getting assisted with same set of neurons to make
predictions. Frequent use of dropout helps to reduce training time and achieve better
results as neurons learn the features randomly and avoid over-learning.
2. Batch Normalization: This is one other form of regularization technique that works by
normalizing the activation set in a layer. Normalization is a process of subtracting
the batch mean from each activation and dividing by the batch standard deviation.
Normalization helps in reducing the training steps and have been used in many state of
the art models since its inception (Ioffe & Szegedy, 2015).
3. Transfer Learning: Transfer learning refers to using a pre-trained model as classifier
or as feature extractor to reduce training time (Weiss, Khoshgoftaar, & Wang, 2016).
Models trained on Big data such as ImageNet are usually taken to do transfer
learning, they are then clubbed with other forms of Classifier such as Random Forest,
ReLU, SVM etc. (Deng et al., 2009) . In Transfer learning, across various studies, the
weights of trained convolutional layers are used, rather than the whole network with
all the fully connected layers. The purpose of this approach is because the low-level
spatial characteristics of the images are learnt better with big datasets. (Shao, Zhu, &
Li, 2014).
However, there have also been some results that show a negative performance impact
of transfer learning. Thus, this still remains as one of the hot topics of research. One
such study observed that transfer ability is adversely impacted by specialization of
higher layer neurons and this increases difficulty when neurons that have learnt similar
features are split. (Yosinski, Clune, Bengio, & Lipson, 2014).
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4. Image Data Augmentation: In contrast to the techniques mentioned above that tweak
the model parameters to achieve sustainable performance on limited data, Image Data
Augmentation tries to fix the root problem of lack of data. The underlying
assumption is however that more information on features can be extracted. These
augmentations artificially inflate the training dataset size by either data warping or
oversampling. Data warping augmentations transform existing images such that their
label is preserved.
For this study, focus is to explore the above-mentioned methods for training the model on
the selected dataset.

2.3

Image Data Augmentation

Image data augmentation is a technique of generating images with distortions to original
image data when there is limited number of input data available in order to avoid overfitting
of the model. This technique generates different set of images for each epoch of training
phase of neural network.

In addition to the limited datasets, image data augmentation is used as an oversampling
solution in class imbalances. Class imbalance describes a dataset with a skewed ratio of
majority to minority samples.

The earliest demonstrations showing the effectiveness of Data augmentations were simple
transformations such as horizontal flipping, color space augmentations, and random
cropping. These transformations help the model to learn spatial features of images in a
better way and improve image recognition tasks. (LeCun et al., 1998)

Figure 2.6 represents the examples of augmented images generated by an image of Lion
(Goyal, 2019):
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Figure 2.6: Lion image augmentation- (Goyal, 2019)

In 2017, Taylor Nitschke worked on different variations of image data augmentation and
recorded their impact individually on the model trained. The Table 2.1 represents summary of
their findings (Taylor & Nitschke, 2017):

Augmentation

Table 2.1:

Top-1 accuracy (%)

Top-5 Accuracy(%)

Baseline

48.13 +- 0.42%

64.50 +- 0.65%

Flipping

49.73 +- 1.13%

67.36 +- 1.38%

Rotating

50.80 +- 0.63%

69.41 +- 0.48%

Cropping

61.95 +- 1.01%

79.10 +- 0.80%

Color Jittering

49.57 +- 0.53%

67.18 +- 0.42%

Edge Enhancement

49.29 +- 1.16%

66.49 +- 0.84%

Fancy PCA

49.41 +- 0.84%

67.54 +- 1.01%

Impact on performance with different form of augmentation (Taylor

Nitschke, 2017)
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Based on the observations from the table, it is clearly evident that augmentation techniques
like Cropping, Rotating and Flipping have more effect on performance of the model as
compared to the baseline images. Taking inspiration from this study, for current research,
these augmentations have been applied, which are further discussed in Section 3.6.2.

2.4 Performance metrics for image classification
In the cases of imbalanced datasets, where each class is having a different number of
instances, the model performance is not properly judged when considered in terms of
accuracy, because it might be possible that if one class has fewer instances, while the other
have comparatively high, the misclassification of former class won’t affect much on the
overall accuracy if the latter class is being classified correctly. This will have negative
impact on overall performance specially when the class with lesser instances accounts for big
business reasons.

Also, the use of F1 score has been considered less frequently, as most of the researchers focus
primarily on classification accuracy of the model. A combination approach taking both F1
scores and accuracy to analyze the performance of the model helps in addressing the issue of
cost involved in wrong classification. In real-world, the datasets are usually not equally
distributed across classes and in cases of imbalanced datasets, F1 score is a better
performance metrics for analyzing a classification model.

To study the performance of a classification model, below is the confusion matrix in Table
2.2, that is used to calculate the metrics which are used for evaluation of the model:
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Predicted Class

Actual Class

Class= Yes

Class= No

Class = Yes

True Positive

False Negative

Class= No

False Positive

True Negative

Table 2.2: Confusion Matrix for Binary Classification

In the Confusion matrix shown above in Table 2.2:
1. True Positive: When the value of actual and predicted class, both are ‘Yes’.
2. False Negative: When the Predicted class is “No”, but the Actual class is “Yes”.
3. False Positive: When the predicted class is “Yes”, but the actual class if “No”.
4. True Negative: When the predicted and actual class both are “No”
In case of multi class classification this confusion matrix can be extended for each class
individually. The use of Confusion matrix and probabilities calculated with its parameters
have proven to be robust and offer extra information on reasons of error. Here, if
considering class-1 as target class (Ruuska et al., 2018):
1. True Positive: All the instances predicted as belonging to class-1 when they actually
belong to class-1.
2. False Negative: When the predicted class is any other class, but the actual class is
class 1.
3. False Positive: When the predicted class is class-1, but the actual class is not the
class-1.
4. True Negative: When the actual and predicted class, both are any class other than
class 1.
Then, once the confusion matrix is populated, here are some metrics than can be used
for judging the performance of any given model for classification.
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1. Accuracy: Considered as the most important measure of any model evaluation, the
model accuracy is defined as the ability of the model to correctly predict true positives
and true negatives. Below given is a general equation of Accuracy.

Accuracy =

TruePositives + TrueNegatives
TotalExamples

2. Precision: Defined as the ratio of correctly predicted positives to the total positive
predictions. Equation of Precision in terms of parameters of confusion table is given
below.

Precision =

TruePositives
TruePositives + FalsePositives

3. Recall: Recall is defined as ratio of correctly predicted positives to the total true
examples in target class.
Recall =

TruePositives
TruePositives + FalseNegatives

4. F1-score: Considered as a measure of harmonic mean of precision and recall, this is
better for understanding the model performance in cases of imbalanced classes, as it
not just revolves around the correct classification, but also involves the wrongly
predicted instances and then calculates the overall performance of the model. This is
primarily better to involve the cost associated with wrong classification. F1-score in
terms of precision and recall is represented by:
F1-Score=

2 ∗ (Precision ∗ Recall)
Precision + Recall
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5. Model-Loss: This represents an average performance of model prediction on set of
test examples. If the model predicted correctly, the loss will be zero, if wrong, it will
be 1. Average of loss for all the predictions is used to calculate overall loss of the
model.
Different loss functions like binary cross entropy, mean squared error etc. are used to
calculate model error, but for this study the Categorical cross entropy function has
been used, since the output nodes are of the model constructed are equal to the number
of classes to be predicted i.e. 5. The requirement to use this loss function is to use a
SoftMax activation after its output to make the output range to either 0 or 1 (one
hot-encoded target vectors).
For evaluating models trained for this study, following metrics have been used:
1. Accuracy: This metrics is essentially required to evaluated how correctly the images
were classified into different classes.
2. Weighted F1-Score: This score manages the imbalance in the dataset by adjusting
the overall score according to the imbalance in amount of data across classes. It
involves calculation of F1-score for each class individually and then takes weighted
mean of the measures. For the purpose of evaluation of models’ performance in this
study, along with the accuracy, weighted F1-score has been used, considering slight
imbalance in data across classes of the dataset.
3. Loss: This is required to understand the impact augmentation has on overall loss
score of the model. Loss is the overall prediction error of the model, so the objective
is to reduce it as much as possible.
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2.5

Summary and Gaps of Literature

A detailed review of the application of deep learning algorithms in computer vision is
studied as part of performance improvement benchmarks and complexity in level of
computation to solve the issue of shortage of data for convolutional neural net- works.
Initially, literature dives into the evolution in architecture of CNN with different features
introduced in terms of their relevance to the issue, provides a detail of enhancements that
have picked up over the last decade after the introduction of AlexNet (Krizhevsky et al.,
2012).

In the next section, the emphasis shifts to small datasets and issues while training neural
network on small amount of data, the solutions proposed in terms of techniques such as
Dropout, Deeper network architectures and Batch Normalization etc. were discussed with
their impact on performance. Image Data augmentation was explored as a better alternative
due to its feature of dealing with shortage of data by generating more samples with variations
of original pictures.

Later on, this section, the brief review of the importance of model error in computation of
overall performance and F-1 score for dealing with the imbalance in datasets on top of
Accuracy measure is given. The error-based approach has been explored and data
augmentation’s impact on it has been observed. It has been seen that in the field of
augmentation not much experimentation has been done by looking at the augmentation as a
replacement of actual data. There are many researches using the augmentation to improve
performance and that has worked on a number of times, but actually looking at how reduced
augmented data works in comparison to full real data.

The availability of good labelled-data remains a limitation in fields such as medical
imaging and weather patterns for CNNs, however use of regularization techniques can
optimize classification performance and improve generalization ability to make a robust
classifier in such high-impacting areas (Halicek et al., 2017).
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The limitation and research gaps presented in this section can be addressed by the research
question given as:
“Does Image augmentation suits as an alternative to lack of data and produces better
result than real-data on training the Convolutional Neural Network in multi-class
classification of flowers?”

The next sections will describe the research design, implementation, and evaluation of
experiment to address this research question.
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Chapter 3
Experiment, design and methodology
In this chapter the design choices for this research are presented. In this study, the effort is
to understand the impact of different levels of augmentation on the overall performance of
model. Various levels of augmentation have been performed in the experiment on the same
dataset. Also, different amount of training data is taken and studied for the same settings of
the model. The purpose of this study is to explore the relative performance differences
between training the models on a real-image dataset and augmented image dataset.

This chapter starts by detailing the experimental framework and providing a high-level
overview of the design. The hypotheses that are tested are then described in greater detail
in the next section. Further, the environment, software, libraries, and tools that were used in
the experiment are defined. The chapter then describes the dataset used in the experiments
and any preparations that were subsequently done. In the following chapter, the metrics that
were chosen to be used for evaluating performance are presented, followed by a description
of the image data augmentation and the splitting techniques used and tested in the
experiments. Lastly, the final sections in this chapter outline the settings and parameters of
the techniques that were used to train the models.
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3.1

Experimental Framework

Figure 3.1: Overview of Experimental framework

A high-level description of the experimental framework is shown in Figure 3.1. The
objective of the framework is to produce results for variable splits in combination of
training and validation datasets, where both models are trained on different sets of real and
augmented pictures. Two approaches were used to perform the experiment:

1. One with a fixed amount of validation data, here the amount of training data was
varied, and for every variation level, separately augmented training data and normal
training data were used for training the model.

2. Another approach was to use all of the data but splitting it variably between training
and validation. Here also, the models were trained separately on augmented and real
data.
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All the processes have been performed on two similar baseline models. One is a custom model,
while other is a model based on transfer learning on ResNet-50 architecture. The results of
each combination are calculated for each of the three metrics F-1, Test Loss, and Accuracy.
Observations to different metrics and their changes were noted and compared with respect
to test performance of different levels of augmentation.

3.2

Hypothesis

Null: If a convolutional neural network is trained on a larger dataset of real-world images then
better classification is achieved on real images than the same model trained on any other type
of smaller dataset of similar images.

Alternate: If a Convolutional neural network is trained on dataset of augmented images with
combination of real images for validation then better performance in terms of accuracy, F-1
score and Loss is achieved than training on larger dataset of just the real images.

Method of Evaluation: This hypothesis has been tested and evaluated by the Experimental
Results obtained in terms of F-1 score, Accuracy and Model loss on Test data. Its
evaluation is conducted in two round of evaluation, first comparing the observed
difference in performance by augmentation and second by looking at the performance with
smaller set of augmented data to ensure augmentation is a good replacement for lack of
data. This is done by comparing performance between the combined real-augmented and
just-real dataset for both the approaches on both of the baseline models.
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3.3

Software used

The experiments were carried out using Python 3 scripts. The environment used was
Google Colab which provides with 13GB of GPU to perform the model training and
evaluation. The project is heavily reliant on the following libraries: TensorFlow, Keras,
Scikit-Learn (Pedregosa et al., 2011).

While the Scitkit-Learn library provides a good option for preprocessing and splitting the
data, the Keras is a deep learning library that can assist in defining and training neural
network with only a few lines of code. Keras also provides the option of
ImageDataGenerator class, which is used for generating augmented images. TensorFlow
provides both high level and low-level APIs and is therefore used to assist in smaller details
like callbacks used in neural networks.

For data visualisations, this project relied on using Seaborn and Matplotlib, which
provided enhanced features to visualize the data during pre-processing stage and the results
to visualize performance of models.

3.4 Metrics for performance
Three different metrics are being used to compare the various different iterations of
approaches. These metrics are the following:
• Model Accuracy on Test data.
• Model Loss on Test Data.
• F-1 score for the model on Test Data.
These metrics have been chosen for evaluation, because they have been widely accepted
and deemed as the more appropriate metrics for measuring performance under both balanced
and imbalanced dataset conditions (Gu, Zhu, & Cai, 2009).
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Also, because of the Best model saved not having the best validation score, In or- der to
provide a better understanding of the differences in performance between the augmented
and just-real dataset in both the approaches, following metrics were also considered to
understand the difference in model training and validation:
• Best Validation accuracy achieved by model.
• Minimum Validation loss achieved by model.
• Number of epochs for model to reach saturation (To understand difference in
iterations of data required for model).

3.5

Dataset Description

The flower recognition dataset contains 4242 images of flowers. The data collection is based
on the data from flickr, google images, yandex images. This dataset is used to perform
classification and to recognize flower category from the photo. Images in the dataset are of
variable resolution upper limited to 320x240 pixels.

The dataset is divided into 5 different categories as follows:
1. Daisy- 769
2. Dandelion- 1055
3. Rose- 784
4. Sunflower- 734
5. Tulip- 984
Some sample images of the dataset are shown below from Figure 3.2 to Figure 3.6:
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Figure 3.2: Sample Image

Figure 3.3: Sample Image

for Daisy category

for Dandelion category

Figure 3.4: Sample Image

Figure 3.5: Sample Image

for Rose category

for Sunflower category

Figure 3.6: Sample Image
for Tulip category

This dataset is taken as fairly balanced considering very less variation but on the flip side
taking caution and considering the small amount of data, with Dandelion having 40% more
images than the images in Daisy category, it would be safer to also use a metric that define
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Performance for imbalanced classification better than accuracy i.e. F1-score.

The number of images in this dataset are practical to collect in a limited time. Also, all
these images were captured in real time and none of the images were synthetically captured,
which made this dataset suitable for applying augmentation.

3.6 Data Preparation
• All instances of the dataset were loaded from Google Drive to Colab environment. Due
to RAM constraint provided in Colab, the images were loaded into five different
categories in the environment with a reduced image size of 150x150.
• Two different arrays were created, each for the features and labels of the dataset. After
this normalization of the features array was implemented, which allowed features to
be in the range of [0,1], which is easier to process. This normalization was applied by
dividing the array by 255.
• Following this, since it is a multi-class classification, the LabelBinarizer provided by
sklearn library was used which transform the multiclass labels to a unique value or
number representing each categorical feature. At prediction time, LabelBinarizer
makes it easier to retrieve back the categories by inverse transform method and
visualize the results in better way.

3.6.1

Data-Splitting

The data was split into two different variations with a random state set to 42, in order to
achieve results that could be reproducible. The point of dividing data into training, validation
and test set is to understand the impact of training with training set, and hyperparameter
initialization with the validation set. The model performance is to be measured on a common
Test dataset, which remains unseen during the whole training and validation process.
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For Fixed Validation set: Using train-test split by sklearn library, the data was divided in
table for classification in Table 3.1:

Validation Set
Test Set

Training Set

Unused data

Percentage out of remaining 90% data

10%

20%

20%

60%

10%

40%

20%

40%

10%

50%

20%

30%

10%

60%

20%

20%

10%

80%

20%

0%

Table 3.1: Fixed Validation Set split with varying amount of Training data

For Variable Validation Set: Here, full data has been utilized to train and validate the model
as depicted in the Table 3.2:

Validation Set
Test Set

Training Set

Percentage out of remaining 90% data

10%

20%

80%

10%

40%

60%

10%

50%

50%

10%

60%

40%

10%

80%

20%

Table 3.2: Variable Validation Set split with varying amount of Training data

3.6.2

Data Augmentation

A limited number of dimension variables were varied to get augmented images. Study by
Taylor and Nitschke (2017) observed the difference of varying different parameters’ effect on
model performance, which was the baseline for choosing parameters for this
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study. The limit for variation was just shifted from the actual value so as to not distort the
images much, considering there is already a reduced image size of 150x150. For defining
augmentation, ImageDataGenerator class was used, which provided augmented images for
training, and the following parameters were tweaked to defined augmentation:
• Rotation Range- 30(for variable validation set) and 180(for fixed validation set), rotates
the randomly in the range.
• Zoom Range- Defined as 0.1, it varies the zoom randomly between 0.9 to 1.1.
• Width shift range: Defined as 0.1, varies shift between 0.9 to 1.1.
• Height shift range: Defined as 0.1, varies shift between 0.9 to 1.1.:
• Shear range: Distortion along the axis in the range defined as 0.1.
• Fill mode: Reflect- Points outside boundaries of input are filled according to this.
Reflect reflects the image points.

3.7

Callbacks and Stoppings

In order to get the best model for evaluation, following callbacks were passed to model fit
during model training:

1. Learning rate reduction: This is used to vary the learning rate while the training is
in progress and significant improvement in performance is not ob- served. With a
patience level of 3 epochs, the learning rate was monitored by validation accuracy,
the factor of reduction was by 0.5, with minimum learning rate defined at 0.000001.
2. Early Stopping: This defines early stopping for the model in case to avoid
overfitting. Here validation loss was monitored and with a patience level of
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10, which monitored validation loss for at least 10 more epochs after achieving
minimum validation loss to stop the training.
3. Model Checkpoint: This defined parameter is used for saving the best per- forming
model during the training so that the best model can be retrieved and used on the test
data. Here as soon as the maximum validation accuracy is observed, the model is
saved.

3.8 Model Definition
Two models were used as baseline models. Both of them have been explained be- low.
Also details of model fit parameters have been included in section following the
architectures.

3.8.1

Custom Model

A custom sequential model was defined which is explained below. The depth of the CNN
was chosen to be of 6 convolution blocks to get a custom model that generalizes well and
does not overfit. But also keeping in mind the training time taken by model as feasible for
the duration of experiment:
• A total of 6 convolution block, with each one containing a 2D convolution layer
(apply filter to create a feature map from the image input), a 2D MaxPooling layer
(reduces dimensionality and pads the feature maps), a Batch normalization layer (to
provide a regularization which helps to reduce the generalization error), and a Dropout
layer (to minimize overfitting the model) (Srivastava, Hinton, Krizhevsky,
Sutskever, & Salakhutdinov, 2014).
• Kernel size of convolution layers was set same at (3,3), while pool size (2,2) and stride
size (2,2) was common for the MaxPooling layers.
• Variable filter size for 6 layers was kept (64-128-128-256-256-512). The variable
filter size ensures that model learns different features from the images with variable
filters.
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• The Dropout level was kept variable at all 6 convolution blocks- 0.2, 0.3, 0.2,
0.3, 0.2, 0.2. which means this proportion of units (both hidden and visible) in defined
layers will have the given ratio of neurons non-functional.
• Batch normalization was used in each block, this is a feature that was introduced in 2015
in Inception-V3 model, is used for improving speed, performance and stability of
Artificial neural network (Ioffe & Szegedy, 2015).
• In the final layers, a flatten layer was used, which converts the pooled feature maps
created by the pooling layers, into a single column, which is then passed to a fully
connected layer.
• This fully connected layer with an activation function of ReLU was used, then a
dropout layer having a dropout value of 0.5 was used. Post this Batch normalization
layer was used.
• At the output layer, SoftMax activation function was used.

3.8.2

Transfer Learning on Standard Model- ResNet50

Here, a ResNet-50 architecture which was trained on ImageNet dataset has been used as the
feature extractor in alignment with SoftMax layer defined in the end to classify the images of
the target Flower Recognition Dataset. The convolution base of the network was frozen to
avoid overfitting on the small dataset.
• The base model of ResNet-50 was imported using Keras API with ImageNet
weights pre-loaded.
• Here, the average pooling was taken in order to take an average of the pixel of the
batch and smoothens the image.
• Flatten layer was used after this model architecture import and then the last two
layers were kept similar to the custom model.
• One fully connected block similar to the custom model with ReLU activation
function and dropout value of 0.5 with a batch normalization layer was used.
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• At last in the output layer, SoftMax activation function was used as a classifier.

3.8.3

Settings and Parameters for model fit

There were limited number of training epochs completed on different variations of the
parameters, at last following parameters were looked good for best fit of the model
because of the constraints of time and GPU limit:
• The model was fit with both combination dataset (augmented images for training and
real images for validation) and normal dataset with just real images (real images for
training and real images for validation) with same parameters.
• With epoch numbers upper limited to 100, it was enough to make sure that the model
training is completed to the saturation.
• The batch size was kept at 32, which was a balanced value considering the
GPU/RAM constraint and training time.

3.9 Summary
The experiment is exploratory in nature, many iterations of model training were performed,
and results were recorded. Experimental design and methodology gives a detailed
overview of the experiment carried out. Beginning with hypothesis that ex- plains the focus
of this research, a brief outline of the methods and metrics used for the performance
measurement were discussed.

Next section provides a detailed overview of the software used and Flower recognition
dataset, which has been used for this study, detailing the reason for the choice of this dataset.
After this a detail of the Data pre-processing and splitting is provided specifying little details
to ensure the experiment is reproducible. The Data augmentation used in the experiment has
been discussed after that with details of distortions done to the images. Two Model
architecture were then explained with detailed architecture of CNNs and working of each
layer.
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The parameters of the architectures were kept to default levels and specified except for where
it was required for the variation in experimentation, this makes the implementation easy to
comprehend and understand the requirement for specified parameters. The detailed overview
provided enables to reproduce the experiment if needed.
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Chapter 4
Results, evaluation and discussion
4.1

Introduction

The primary focus of this chapter is to provide the detailed description of the results
observed with different model implementations, which were described in last section. It will
explain the difference that augmentation and training data and what differences are observed
in CNN performance. This Chapter is divided into following sections to capture all the
necessary dimensions of evaluation:
• Hypothesis Testing- Definition of Hypothesis re-iterating the purpose of the research.
• Result Sets (1-5)- Discussing the results obtained for two baseline models with two
approaches along with study of effect of augmentation on the rate of convergence of
model.
• Discussion and Evaluation- Critically looking into the results obtained defining
possible reasons for the variations. It includes strengths and limitation of the results
in the study of augmentation,
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4.2

Hypothesis Testing

Alternate Hypothesis: If a Convolutional neural network is trained on dataset of
augmented images with combination of real images for validation then better performance in
terms of accuracy, F-1 score and Loss is achieved than training on larger dataset of just the
real images.

If a CNN is trained on such a combination of augmented and real images of flowers, it is likely
to achieve a significantly higher classification accuracy and better F1 score than a similar
model trained on just the real images. This part of the thesis discusses the results and test the
hypothesis on the results to determine whether to accept or reject it.

In order to test this hypothesis, the experiment should provide enough evidence that can be
used to either support or reject the hypothesis. Therefore, for both the models i.e. ResNet50 based transfer learning network and custom built 6-blocks deep network, both
strategies of varying and fixed validation with both augmented and non-augmented data,
scores have been recorded in terms of Accuracy, F-1 score, Test Loss, Top Validation Loss
and Top Validation Accuracy.

First Test is based on comparison of augmented and non-augmented sets of similar split
strategy for both models. This test is a checker if or not the augmented set for any given
split ratio is better than non-augmented training data. This will be assessed in terms of both
Model Loss and Accuracy performance.

Second Test, in order to test the hypothesis for varying amount of training data, given split
strategy and baseline models are same, every ratio of augmented set was com- pared with
every other ratio of non-augmented set. This makes a total of 25 sets (5 splits for
augmented data each compared to 5 splits of non-augmented data) for each strategy on each
model. The performance has been judged based on the weighted F-1 score achieved by the
splits. The results from this set will provide an evidence if the data augmentation is a
suitable

replacement

for

the

lack
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The second test is considered successful in favor if more than 2/3 of total combinations
i.e. at least 17 combination obtain better results for augmented set in comparison to nonaugmented set. This is to ensure enough augmented sets have better results even with lesser
training data.

4.3

Result Set-1 (Custom model with Varying validation
Split)

Table in Figure 4.1 represents the results for the Custom model with data split, such that all
the data is used on the model, however varying with amount of data available specifically
for training and data used for hyper-parameter optimization.

Figure 4.1: Performance metrics for Custom model with Varying validation

Inferences:
• Accuracy- As should be expected, out of 5 splits defined for varying split, Test
Accuracy and Top Validation accuracy for all 5 splits in case of augmented dataset
was higher than the non-augmented dataset.
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• Model loss- Similar to accuracy, loss for Test and Validation dataset was least
for every split in augmented dataset as compared to the non-augmented. This reaffirms previous findings of reduction in loss when the data is augmented.

Figure 4.2: Performance comparison among splits based on F-1 score for custom model with
varying validation set

For second evaluation, as represented in Figure 4.2, out of 25 combinations of comparison
between test results on sets of augmented and non-augmented datasets, 22 combinations of
augmented split achieved better weighted F-1 score as compared to the non-augmented
splits.

With majority rule, the number of combinations in favor being more than threshold of 17,
there is sufficient evidence to reject null hypothesis and alternate hypothesis can be accepted.

4.4 Result Set-2 (Custom model with Fixed validation
Split)
Below table in Figure 4.3 represents the results for the Custom model with data split, such
that the amount of validation data remains the same, however varying with amount of data
available specifically for training.
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Figure 4.3: Performance metrics for Custom model with Fixed validation

Inferences:
• Accuracy- Out of 5 splits defined for fixed validation dataset, Test Accuracy for 4
out of 5 splits in case of augmented dataset was higher than the non- augmented
dataset except for the 20-20 split, much due to the factor of a very small amount of
data to train the model and model was not able to generalize on the validation data.
Also, there were comparable results for achieved for Top validation accuracy, with 3
out of 5 splits scoring better in terms of non- augmented data, this can be attributed to
the quality of image data in the splits.
• Model loss- There were no surprises in terms of Validation and Test loss for the model
as 4 out of 5 splits in augmented dataset achieved lower loss as compared to the nonaugmented.
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Figure 4.4: Performance comparison among splits based on F-1 score for custom model with
fixed validation set

For second evaluation, as shown in Figure 4.4, out of 25 combinations of comparison
between test results on sets of augmented and non-augmented datasets, only 16 sets for
augmentation splits were able to obtain better results than the non-augmented splits. This
result presents the characteristics of shallow CNNs (Custom Model) to overfit on less
amount of training data even the augmentation to enhance the performance in this case.

Following the majority rule, the results just fall short of the threshold of 17 combinations
defined, so from the observations for this model with the varying validation strategy, the
alternate hypothesis has to be rejected.

4.5

Result Set-3 (Standard model-Transfer with Fixed
validation Split)

Result table in Figure 4.5 represents the results for transfer learning implemented on
ResNet-50 based model with data split, such that the amount of validation data remains the
same, however varying with amount of data available specifically for training.
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Figure 4.5: Performance metrics for Transfer on ResNet-50 model with Fixed validation

Inferences:
• Accuracy- Although there were comparable results with even the non-augmented data,
out of 5 splits defined for fixed validation dataset, Test and Accuracy for 3 out of 5
splits in case of augmented dataset was higher than the non-augmented dataset.
• Model loss- In terms of Validation and Test loss for the model, 4 out of 5 splits in
augmented dataset achieved lower loss as compared to the non-augmented
counterpart.
Because of the pre-trained weights, there was just slight difference in performance
between augmented and non-augmented training set. Also, the depth of the model
compensates for the void left by lack of data, reducing the difference observed in results.
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Figure 4.6: Performance comparison among splits based on F-1 score for Transfer model
with Fixed validation set

For second evaluation, the table above in Figure 4.6 clearly shows that for fixed validation
set, out of 25 combinations of comparison between F-1 scores on test sets of augmented
and non-augmented training datasets, 19 combinations for augmented splits obtained better
results than the non-augmented splits.

Following the majority rule, the results with 19 combinations in favor is greater than
threshold of 17 combinations defined, there is sufficient evidence, so the alternate hypothesis
is accepted.

4.6 Result Set-4 (Standard model-Transfer with Varying
validation Split)
Below table in Figure 4.7 contains the set of results for transfer learning implemented on
ResNet-50 based model with data split, such that all the data is used on the model, however
varying with amount of data available specifically for training and data used for hyperparameter optimization.
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Figure 4.7: Performance metrics for Transfer on ResNet-50 model with Varying vali- dation

Inferences:
• Accuracy- For all 5 splits defined for fixed validation dataset, Test and Accuracy in
case of augmented dataset was higher than the non-augmented dataset.
• Model loss- In terms of Validation and Test loss for the model, 5 out of 5 splits in
augmented dataset achieved lower loss as compared to the non-augmented
counterpart.
This gives that no matter how deeper the architecture is, the increase in amount of training
data can enhance the performance of the network. While using all the data, but keeping the
amount of data for training small, the model can still perform better in case of augmented
training than the model trained on larger amount of real-images dataset.
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Figure 4.8: Performance comparison among splits based on F-1 score for Transfer model
with Varying validation set

Result table in Figure 4.8 defines second evaluation, out of 25 combinations of comparison
between test results on sets of augmented and non-augmented datasets, every single set of
augmented split obtained better result than the non-augmented split.

With majority rule, since in all 25 combinations augmented split performed better in terms
of F-1 score on test data, there is sufficient evidence to reject null hypothesis and alternate
hypothesis is accepted.

4.7

Result Set-5 (Model Convergence defined by Number
of Epochs)

As can be observed from average epochs shown in Figure 4.9, for standard model, when
trained on augmented dataset, there was roughly an increase of around 6 epochs for each split
as compared to the non-augmented counterpart for standard model. For custom model, same
difference for varying validation split increased to an average of 10 epoch taken across all
split ratios.
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Figure 4.9: Model Training Convergence comparison

This can be attributed to varied features of augmented images that were being used to train
the model and seemed sufficient for model to keep on learning for additional epochs and
delivering better performance.

4.8 Final Decision on the Alternate Hypothesis
With the results obtained and compared in previous sections, it can be seen that 3 out of 4
test results were successfully able to accept the alternate hypothesis. For the Result Set-2,
the scores were in borderline range having 16 (minimum required
17) combination of augmented split in favor of alternate hypothesis. So, it can be inferred
from the observations, out of 4 result sets, there was majority evidence in favor of the
acceptance of the hypothesis.

The Alternate hypothesis which states that ” If a Convolutional neural network is trained
on dataset of augmented images with combination of real images for validation then better
performance in terms of accuracy, F-1 score and Loss is achieved than
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training on larger dataset of just the real images” - can be accepted as a final decision for this
dataset under the augmentation techniques defined in the experiment.

4.9 Discussion and Evaluation
4.9.1

Evaluation of Results

Although in the beginning, F1 Score, Accuracy and Loss were taken as the evaluation
criteria for the thesis, performances in baseline models show that the weighted F-1 score
was roughly similar to Accuracy of model because the class imbalance was reduced to a
large extent because of the small amount of Test data and that resulted in Micro-F1-score
(Accuracy) becoming equivalent to Weighted F-1 score.

The custom model showed unstable performance when 20-80 or 20-20 split was used, that is
purely because of multiple classes and fewer instances to generalize on, however as the ratio
was increased to 40-60 or 40-20 and more, the results started being more reliable. The
Standard model, however due to deeper architecture and pre-trained weights showed
stability even on lower ratios.

Use of augmented data reduced the Model loss to a large extent and slight improvement in
accuracy was also observed, because model was trained on variations of the dataset rather
than same dataset in every epoch. The improvement in results of augmented data showed
that chosen parameters for augmentation were having a major impact on the performance
of the model.

The best performing model during the whole experiment was the 50-20 (TrainingValidation) augmentation training split on Standard model. Other comparisons also showed
that smaller amount of augmentation split was better performing than larger real dataset
trained models.

One other noticeable finding was that model took more epochs to train on the augmented
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data as compared to just the real dataset. This was because the model took longer to
generalize on variations of images being produced in the process.

So far as the underlying research question regarding the use of augmented data as a
replacement to large amount of real data, the performance of the models show promising
results and it can be concluded that with effective choice of augmenting parameters of the
images, even lesser training data can yield good performing models. Though a major
problem with the results and technique was the depth of the architectures chosen, the
overall results were not that of a high performing model. But in future, with more deeper
networks and training from scratch, better results can be acquired.

4.9.2

Strengths of Result

The strength of the results lies in the ability to understand that deeper architectures can be
used to improve the results. As major performance improvement was observed when same
approaches were applied to a ResNet-50 based model. It had the impact which can help in
the future work of research.

Also, it shows how augmentation directly impacts the Loss factor of the model, and in the
future by applying variations in more augmentation parameters, the results can be improved.

The thesis also opens segment for more approaches, like redefining the ratio of Training and
validation data to be chosen. Also, how much data could be held off from using to train
the network and setting the hyperparameters.

4.9.3

Limitation of Result

Due to the time constraints and slow training process, it was difficult to experiment with
the hyperparameter tuning of the network like batch size and number of epochs,
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which might have shown better results. Also, for the same reason, it was only possible to
explore one standard Network for transfer learning.

The patience interval for lower training data (20:80 ratio and 20:20 ratio) was adjusted during
the experiment to allow the model to learn from the data before early stopping happens. This
was an inconsistency in the hyperparameters but did not affect the results greatly.

Class imbalance, which was taken as one of the exploration points could not be well
explored due to less difference among classes in test dataset, and because of that F1-score
became a lesser important performance measure.
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Conclusion
5.1

Research Overview

The research was aimed at understanding the impact of different combinations with variable
ratio of augmentation for training two different models. The study explored the effects that
increasing amount of augmented training data has on the overall performance of the
Convolutional Neural Network.

Two approaches, one with fixed set of validation data another with variably increasing amount
of validation data were used. The performance of these approaches on two baseline models
with a different ratio of splits between combination of real and augmented images were
assessed on three different performance metrics, namely Model Loss, F1-Score and
Accuracy.

5.2

Problem Definition

The problem defined was the shortage of data available for training the model and how can
the image augmentation help in achieving the comparable performance and overcome this
shortage. The major challenge was to look at how the model generalize well enough with
changing amount of augmented data available for training.
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With varying levels of splits and augmentation, the purpose of the research was to explore
the cause and effect of amount of trainable data and further amount of augmented data has
on the model performance.

5.3

Design/Experimentation

The design and implementation of the model was kept to as basic as possible. With all
parameters at all the stages of the experiment defined, it is easy to replicate the results. The
design level was broken into two different models with two sets of splits. And each model
trained on each split with each of augmented dataset as well as real dataset.

5.4 Summary of Findings
The study was divided with two different strategies of varying and fixed validation dataset.
These strategies were tested on two baseline models. The results obtained on training the
Convolutional Neural Network were used to assess the hypothesis that tried to establish that
even small amount of augmented data trains the model better than the larger amount of
real data.

Each augmented combination was assessed against every other real data combination. The
research found that majority of combinations of augmented data achieved better F1 score,
Accuracy and Loss. The process was evaluated for both baseline models on both split
strategies and similar results were observed. Therefore, there is sufficient evidence to reject
the baseline null hypothesis and accept the alternate hypothesis.

The dimension of variable validation split also provided with interesting results to
understand that irrespective of amount of training data, augmentation seems to very well fill
the gaps for real data.
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5.5

Contributions and impact

This research project has presented a comprehensive investigation to the impact of data
augmentation on the performance of two different baseline models in flower classification task.
With all levels of splits defined for the training data, the results achieved on the test set
were assessed and compared.

The approach of varying and fixed validation dataset looked at different use of given
amount of dataset and the combination that could provide the better results for classification
task in hand. Furthermore, the approaches were also examined with two different neural
networks, one which was custom designed to reflect a shallow network, that could just fit
in for the problem while the other was transfer learning applied on model based on standard
deep model ResNet-50. Results obtained on both the models were compared and the
decision on performance was taken considering both of the models.

The information collected during this research adds to the work in the field of Image Data
Augmentation in Deep Learning. The conclusions obtained in the research reiterate the
importance of Data Augmentation. They also give a clearer picture of how this data
augmentation could be sharply used as a replacement to the real data.

With results displaying that although Accuracy was not majorly impacted, but the
significant affect was observed in Validation and Test loss when the augmentation is
applied even on small amount of data, which helped in generalizing the results.

The problem is usually with the shortage of data. This was in detail studied by keeping the
same dataset and reducing its amount during training to understand the overall impact on
same dataset. Fundamentally, the objective of research on data augmentation was to
understand its impact and how well it helps in generalizing the output of the Convolutional
Neural Network.
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5.6 Future Work & recommendations
In this research, the results were able to positively test the hypothesis. The results looked
promising on the selected dataset however with the limitations of time and environment to run
models, the generalization of hypothesis in augmentation is within a limited scope. To
increase the scope of acceptance of the hypothesis, here are certain areas where this study
could be more focused in the future:

1. In this research due to time constraint only one standard model- ResNet 50, was
explored for transfer learning, however deeper and more enhanced architectures that
have recently been developed with lesser classification error rate like FixResNext
with custom changes that could be explored for transfer learning. The study on these
models could be enhanced to training from scratch rather than just transfer learning
applied in this study, as these models are apt for training from scratch as well
because of advanced architecture.
2. In this study, the augmentation was kept limited to certain features like Flip, Rotate,
Zoom etc. However, more distortions can be added, and effects explored with similar
architecture to intensify level of augmentation. Considering small changes to original
images were able to give better results in this study, it would be interesting to know the
effect of extreme changes with color, brightness etc.
3. This study looked at Flower recognition dataset, which has less critical application
than fields like weather classification or medical image analysis. But, looking at
favorable results obtained from this study, similar approach could be expanded on such
more critically impacting datasets could be used considering the study is relevant to
them in terms of small size of available dataset.
4. For this study, the dataset contained images of variable size, which impacted the quality
of images when reduced to a standard size of 150x150. The study can
55

CHAPTER 5. CONCLUSION
be advanced with creation of dataset that has quality images of the same size, so that
the augmented images have better features to learn from.
5. This study because of time constraint, could not explore the best suitable
hyperparameters for better model performance. It is probable that better results
could have been achieved had there been more time to iterate on them, this can be
explored with more experimentation on parameters like Batch Size, Epochs, Learning
Rate reduction factor etc.
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Appendix A
Result Scores Tables
Below results include the Precision and Recall observed for all the splits along with
all the other metric defined.

Figure A.1: Custom Model Varying Validation Set Recorded Results
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Figure A.2: Custom Model Fixed Validation Set Recorded Results

Figure A.3: Standard Transfer Model Fixed Validation Set Recorded Results

Figure A.4: Standard Transfer Model Varying validation Set Recorded Results
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