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1. Abstract

Convolutional neural networks are widely accepted as the prominent solution for efficiently
solving complex image classification problems [1]. Research on convolutional neural networks is
performed with the outcome of producing an efficient model architecture, justifying configuration of
model parameters and hyper-parameters based on a provided image dataset.

2. Introduction

Justification on selecting a convolutional neural network as a method for classifying the images
within the dataset provided is discussed. Focus on parameters, hyper-parameters, and the
advantages of using a CNN for image classification is reviewed leveraging current and past research
to shape the choices of the design and implementation of a simple convolutional neural network.

2.1.  Convolutional Neural Networks

Research in machine learning is constantly progressing with newer and improved algorithms and
methodologies pushing the technology further. With a variety of problems being applied to machine
learning techniques, one area that has significantly improved within the machine learning realm is
image classification [2].

Through the study and research of image classification, a powerful and performant approach
expanding on the well-known tenets of artificial neural networks (ANN) has emerged, namely
convolutional neural networks (CNN). Building from previous knowledge of artificial neural networks,
CNN's offer a more enhanced solution to solving image classification problems that takes advantage
of available computing hardware showing incredibly conducive results relating to time and spatial
complexity [3]. The main benefit of CNN’s come from their ability to extract features from a dataset
without supervision with remarkable effect [4]. The process of feature extraction falls towards a
popular image processing operation known as convolutional filtering [5], where the filters are
learnable parameters of the network architecture.

2.1.1. Filters

One of the fundamental building blocks of a successful CNN architecture involves the use of
filters. When convolving over an image a kernel is specified which covers a partial amount of
neighbouring pixels from the input. The amount of pixels that are covered is determined by the
kernel size, which can be uniform or non-uniform (see Figure 1 - Convolutional filtering). A value is
provided for controlling the stride or shift of the kernel across the 2-dimensional span of the input.
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Figure 1 - Convolutional filtering




The goal of a filter is to successfully extract features from an input image, the output of a complete
convolution produces a new image which represents a single feature derived from the input.
Common CNN architectures employ multiple filters per-layer, where the quantity of filters increases
as the network scales [6], [7], [8].

Translating this concept to that of a traditional artificial neural network, the output of the filters
interprets to the weights between neurons. The feature maps then receive further processing in the
form of an activation function usually specified as a ReLU (Rectified Linear Unit) operation, which
simply returns the positive values of the feature map, ignoring any negative values [9].

2.1.2. Pooling

With feature maps being produced by the convolutional layer a pooling layer can be applied to
modify the output. The purpose of a pooling layer is to reduce the spatial dimensions of the feature
maps whilst preserving the critical components of the data, this is achieved by down sampling the
input [10]. Although, feature maps are susceptible to translation invariance which can often lead to
over-fitting with further issues of bad generalisation [11]. To combat over-fitting; whilst training the
model various pooling methods can be applied which provides an output that summarizes the
presence of features extracted from a sub-section of a feature map.

Feature map (4x4x1)
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Figure 2 - Max pooling of o single feature map

Two common pooling methods resolve to returning the average or maximum values of a feature
map. Modern CNN's opt for max pooling as results offer a higher degree of accuracy when training
the model [12], [13]. Whilst selection of pooling methods scales to the context of the problem along
with the quality of the data used for training, correct application is determined through
experimentation and observation of the network’s performance.

2.2. Initial Design

Reviewing papers of successful CNN's to find commonalities between network architectures
provided few concepts towards constructing an initial design (see Figure 4 - Initial CNN architecture
schematic). Observation of popular network structures endorsed a repeating pattern usually
consisting of 1 - 2 convolutional layers (more layers can be applied before pooling if hardware
constraints allow) followed by a pooling layer [4], [6]. Various factors were considered such as
available computational resources, it was recognised that state-of-the-art CNN’s utilized GPU
hardware for faster computation, with most models being trained across multiple GPU's. Following
similar state-of-the-art networks led to immediate resource limitations, a middle ground providing
an acceptable model closely resembling researched architectures produced a foundation for
experimentation (see Figure 3 - Initial CNN architecture).




The decision to utilize a GPU was realised during the initial design permitting quicker gains in
computational performance. Project setup ensured meeting all prerequisites required for a
successful development environment harnessing the computational power of a GeFarce RTX 2080Ti
with 11GB capacity. Further reading of the Tensorflow AP revealed a welcomed feature allowing
automatic logical selection of available devices permitting Tensorflow code to transparently run on
CPU or GPU devices with no modification to Tensorflow API calls. Justification of the time spent
meeting the requirements for enabling Tensorflow to run on the GPU showed promising
performance gains based on findings from research which recommended training CNN models on
the GPU where possible [3].

Figure 3 - Initial CNN architecture, model summary output

2.2.1. Parameters

Analysing common default parameters of successful CNN's through a variety of research papers
confirmed a customary layout as a base point. Researchers followed a convention of filter quantities
increasing via powers of two as traversal gets progressively deeper into the network.

Multiple sources claim insight for justifying management of filters in this way with discussions of why
this convention is so popular correlating to the logical expression of what the network is doing under
the hood. Diligently following the accepted convention of multiplying filters through the upper layers
of the network resembles a rational understanding of how features are extracted during training.
Lower convolutional layers extract primitively simple shapes such as edges, traversing to upper
convolutional layers extracting increasingly abstract shapes [9].

Further research revealed acceptable values for kernel sizes and stride where the standard
configuration sets filter sizes at 3x3 with a stride of 2x2 [14].
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Figure 4 - Initial CNN architecture schematic
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By setting the kernel size to an odd number ensured that the center value of the kernel contained an
integer which correlates to a valid pixel position from the input. Zero padding added further pixels on
the outer edges of the input retaining the spatial dimension after the convolution process. Padding

eased any pooling operations performed as the output from a convolution was guaranteed to inherit
the same spatial dimensions as the input [15].

Prior to running the model further research was made on the effects of batch sizes. A comfortable
median was desired where training times didn’t extend to long periods but also gave good results in

loss and accuracy along with generalisation. An arbitrary selection of 10 epochs provided a base
measure regarding the length of training sessions. 10 epochs were considered enough cycles to give
a general observation of the current configuration of hyper-parameters along with allowing the
backpropagation algorithm to have adequate effect. The initial batch size was set to a small value for
observations on how long training would take and to what effect a small batch size would have on
the model’s performance (see Table 1 - Initial Test Results):

Epoch
1

Wt N ;YR W

[y
o

Loss
1.66
1.47
1.36
1.24
1.12
0.99
0.85
0.71
0.58
0.46

Accuracy
0.33
0.42
0.47
0.52
0.57
0.63
0.68
0.73
0.79
0.83

Validation Loss

1.57
1.47
142
1.42
1.46
1.64
1.68
1.92
2.26
2.58

0.38
0.42
0.45
0.45
0.46
0.45
0.48
0.47
0.46
0.45

Table 1 - Initial Test Results

Validation Accuracy

Elapsed Time
85s

297s




2.3. Testing

With a base line in place, reviewing the initial test values showed a small batch size that resulted
in an approximate training session of 12 minutes. Further modifications were made to parameters
and hyper-parameters of the model before further testing. Input images were scaled to a size of
16x16 to lower the amount of parameters. As seen in Figure 3 the total count of parameters sat at
over 33 million. The choice of lowering the inputs spatial dimensions reflects lowering the amount of
parameters to observe the effects of overfitting [16].

Other hyper-parameters such as learning rate were further tweaked. Initially a learning rate of 1073
was set utilising the Adam optimizer which adaptively changes the learning rate throughout training
[17]. Researchers favour Adam optimization with many papers discussing case studies, reviews, and
improvements of the method over classical stochastic gradient descent [18], [19], [20].

2.3.1. Model Refinement & Evaluation

Retaining the initial architecture seen in Figure 4 along with the modifications previously
discussed, a first test (see Table 2) was conducted to review any performance increases relating to
accuracy, generalization, and timings.

Epoch Loss Accuracy Validation Loss Validation Accuracy Elapsed Time
1 1.77 0.27 1.71 0.31 11s
2 1.64 0.35 1.63 0.37 8s
3 1.59 0.39 1.60 0.39 8s
4 1.55 0.40 1.56 0.40 8s
5 1.52 0.41 1.55 0.39 8s
6 1.49 0.43 1.52 0.41 8s
7 1.46 0.44 1.52 0.41 8s
8 1.44 0.45 1.51 0.42 8s
9 1.42 0.46 1.48 0.44 8s

10 1.40 0.46 1.47 0.44 8s

Table 2 - Test 01 Results

As observed from the elapsed timings of the first test, increasing the batch size decreased training
time dramatically, as well as decreasing the inputs spatial dimensions having a moderate effect.
Cross referencing both validation and training accuracies from the initial test and first test also
demonstrates a decrease in overfitting, this can be inferred by the decrease in parameters, as the
architecture has remained constant throughout both tests.

With some minor overlap between validation and training accuracies further testing saw additional
layers added to the network which applied regularization techniques utilising batch normalization
and dropout, with the hope that accuracy may increase. Suspicions piqued towards the additions of
batch normalization and dropout closing the gap between the overlapping accuracies, eliminating
overfitting from the results completely at the cost of lower training accuracy, if applied correctly.
Further research was conducted to collect information and form concepts on where to best situate
batch normalization and dropout within the architecture of the network [21], [22], [23].

Reviewing the available literature surrounding the topic of batch normalization, foffe et. al. discusses
batch normalization being performed before ReLU [24], interestingly most researchers advise against
this [25], [26], [21]. Following the findings from literature, modifications to the existing architecture
resulted in a repeating pattern of convolution, batch normalization and pooling (see Figure 5).
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Figure 5 - Revised model architecture with batch normalization and dropout

Increasing the inputs spatial dimensions from 16x16 to 32x32 after modifying the networks

architecture to accommodate batch normalization and dropout, another test was conducted to

review the effects of the revised architecture.

Epoch
1
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Loss
2.25
1.97
1.86
1.81
1.75
1.73
1.69
1.67
1.65
1.63

Accuracy  Validation Loss Validation Accuracy Elapsed Time
0.22 1.75 0.32 12s
0.28 1.68 0.36 8s
0.30 1.63 0.37 8s
0.31 1.62 0.38 8s
0.33 161 0.37 8s
0.33 1.57 0.39 8s
0.34 1.54 0.40 8s
0.35 1.52 0.40 8s
0.36 1.15 0.41 8s
0.37 1.50 0.42 8s

Table 3 - Test 02 Results

With the results demonstrating the welcomed lack of overfitting, further experimentation on

increasing the accuracy of the model led to modifying the size of the images by a factor of 2 to
increase parameters in the network. Experimenting with the affects of deepening the network with

another convolution, batch normalization and pooling stack brought the following results.




Epoch Loss Accuracy Validation Loss Validation Accuracy Elapsed Time

1 2.26 0.25 1.77 0.34 12s
2 2.00 0.31 1.60 0.39 9s
3 1.85 0.34 1.54 0.41 9s
4 1.76 0.35 1.52 0.41 9s
5 1.67 0.37 1.46 0.44 9s
6 1.63 0.38 1.47 0.42 9s
7 1.57 0.40 1.40 0.46 9s
8 1.52 0.42 1.40 0.45 9s
9 1.50 0.42 1.37 0.47 9s
10 1.47 0.44 1.36 0.48 9s

Table 4 - Test 03 Results

3. Conclusions
With a potentially deeper network and pre-processing techniques applied to the dataset, better

performance may have been gained. Further testing on data augmentation could have had a positive
effect on training but attention towards balancing timing for training sessions as well as applying
methods to combat overfitting were the focus during each experiment.
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