The identification of garbage dumps in the rural areas of Cyprus
through the application of convolutional neural networks to

satellite imagery.

Andrew Wilkinson

Supervisor: Tony Knowles

June 2023

Word Count; 8782 via overleaf

Thesis submitted in partial fulfilment for the degree of Master of

Science in Computer Science with Artificial Intelligence

2 UNIVERSITY

2

Department of Computer Science



Contents

Acknowledgements iv
Executive Summary v
List of Figures Vi
List of Tables viii
1 Introduction 1
1.1 Background and Motivations . . . . . .. .. ... ... L o 1
1.2 Aims and Objectives . . . . . . . . . . 2
1.3 Approach . . . . . . e e 2
1.4 Results and Contributions . . . . . .. ... ... . ... .. ... .. ... ... 3
1.5 Outline. . . . . . . e 3
2 Theoretical Background 4
2.1 Motivations . . . . . . . e 4
2.2 MachineLearning . . . . . . . . . . . e 4
23 Deeplearning . . .. . . . . e 5
2.4 Convolutional Neural Networks . . . . . . . .. .. ... .. ... ......... 5
2.5 Machine Learning and Satellite Imagery . . . . . . .. ... ... ... ...... 6



2.6 Residual Networks . . . . . . . . . .

2.7 Pretrained Zoo Models . . . . . . . . ...

2.8 Siamese Networks . . . . . . . . . L.

2.9 Hyperparameter Optimisation . . . . . .. .. ... .. ... .. ..........

2.10 Deep Learning Frameworks . . . . . . . . . . . ... e

2.11 Data Collection . . . . . . . . . . .

2.12 Data Augmentation . . . . . . . . ..

Research Methodology

3.1 ResearchDesign . . . . . . . . . . . e

3.2 DataCollection . . . . . . . . .

3.3 Data Augmentation . . . . . . . ...

3.4 MachineLearning . . . . . . . . . . . e e

3.4.1 Choosingthemodel . . ... ... ... ... ... ... ... ... ...

3.4.2 Tuning Hyperparameters . . . . . . .. . .. ... .. ... ... ....

3.4.3 Modelling Individual Datasets . . . . .. ... ... ... ..........

3.4.4 Modelling Pipelined Datasets . . . . .. ... ... .............

3.5 Statistics Gathered . . . . . . . . ...

3.6 Frameworks/Tools . . . . . . . . . .

3.7 Limitations . . . . . . .

10

11

12



4 Results and Discussion

4.1 Model SelectionResults . . . . . . ... ...
4.2 Hyperparameter TuningResults . . . . . .. ... ... ... .. L.
43 ResNet-50Results . . . . . . . . ..
4.3.1 Singly AugmentedDatasets . . . . . ... ... ... ... .. .......
4.3.2 Pipeline AugmentedDatasets . . . . . .. .. ... ... ... .......
433 SummaryTables . . . .. .. . ... ...
4.4 Running Predictions . . . . . . . . ...

5 Conclusion

5.1 Limitations and Future Work . . . . . . . . . . . . . . ...

A Appendix

A.1 Software Versions . . . . . . . . .

A.2 Data Collection Web App . . . . . . . . . . . e

A.3 Data Augmentation Samples . . . . . . . .. ... ..

A4 Weka ARFF Samples . . . . . . . . . . . . .. .

A5 Weka GUI Samples . . . . . . . . . . . e

A.6 Weka Command Line Scripts . . . . . . . . . . . . .. ... .o

A.7 Weka Prediction Results . . . . . . . . . . . .

28

28

29

30

30

31

32

34

35

36

37



Acknowledgements

| would like to take this opportunity to express my gratitude to the following people for their

support throughout my MSc research.

| would like to thank my supervisor Tony Knowles for his guidance and feedback, which helped

shape the direction of my research and encouraged me to think critically about my findings.

| would also like to express my sincere gratitude to my wife Jeanette, who provided
unwavering support and care during my illness, which made it possible for me to continue my
research. Her encouragement and understanding were invaluable, and it would have been

difficult to complete this dissertation without her help.

| would also like to thank Andreas Yiannaki for assistance in collecting verified garbage

coordinates.



Executive Summary

In much of the developed world responsible garbage disposal is a challenging problem. In
Cyprus, as elsewhere, illegal garbage disposal via "fly-tipping” is a significant issue, especially
in rural areas where few legal garbage disposal options exist. However, there is a lack of
studies that attempt to measure the scale of this problem, and little resource available to
address it. A method of automating the process of identifying garbage dumps would help

counter this and provide information to the relevant authorities.

The aim of this study was to investigate the degree to which artificial intelligence techniques,
together with satellite imagery, can be used to identify illegal garbage dumps in the rural areas
of Cyprus. This involved collecting a novel dataset of images that could be categorised as
either containing, or not containing, garbage. The collection of such datasets in sufficient raw
quantities is time consuming and costly. Therefore a relatively modest baseline set of images
was collected, then data augmentation techniques used to increase the size of this dataset to

a point where useful machine learning could be applied.

From this set of images an artificial neural network was trained to recognise the presence or
absence of garbage in new images. A type of neural network especially suited to this task
known as "convolutional neural networks” was used. The efficacy of the resulting model was

evaluated using an independently collected dataset of test images.

The result was a "deep learning” model that could correctly identify images containing garbage
in approximately 90% of cases. It is envisaged that this model could form the basis of a future
system that could systematically analyse the entire landscape of Cyprus to build a "garbage”

map of the island.

This study has no legal, social, ethical, professional, or commercial issues.
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1 Introduction

1.1 Background and Motivations

lllegal waste dumping is a social and environmental issue throughout the developed and
developing world [1]. The consequences include environmental pollution, health hazards, and
negative impacts on local ecosystems and aesthetics. The island of Cyprus has particular
issues with waste disposal in rural areas [2], where little formal recycling exists. As a result,
citizens tend to make their own impromptu garbage dumps. Assessing the scale of this issue
is difficult [3]. However, if there was a way of identifying how many such garbage dumps have
accumulated, together with their location, then this could be used to inform and exert pressure

on local, regional and national government bodies to address the issue more proactively [4].

Performing this sort of task by hand would be laborious and error prone. If, for example, the
land was divided up into 200m? patches, then even for a relatively modest sized country such
as Cyprus covering around 9250km? this would mean at least 231,250 such image patches to
be analysed. If a human could retrieve an image, visually analyse it, and store the
classification result as an atomic operation in around one minute, then to classify all image

patches would require at least 3,850 person hours.

Some previous work has employed Al techniques to automatically detect the presence of
garbage dumps, such as [5] and [6]. These projects have focused on large land-fills occupying
an area of several square kilometers. Few such projects exist focusing on small scale sites
covering just tens or hundreds of square metres. However, it is such small areas that Cyprus
garbage dumps tend to occupy. With the existence of public access high resolution remote
sensing imagery, such as satellite [7] [8], it is possible to focus on techniques to recognise
these smaller scale features. This study utilised a type of Artificial Neural Network (ANN)
shown to be effective in the classification of satellite imagery [9] and applied it to these small

scale features.



1.2 Aims and Objectives

The aim of this study was to develop and evaluate an Al based approach for identifying
garbage heaps in Cyprus. This involved the collection and labeling of satellite imagery.
However, collection of such image sets is a laborious task and it is unfeasible to collect such
"raw” data in sufficient quantities to perform useful machine learning [10]. To counter this data
augmentation techniques such as sharpening, cropping, rotating, and flipping were used to

significantly increase the dataset sizes.

The questions it sought answers to are:

* [RQ 1] What are the most effective machine learning algorithms and techniques for
developing a model that can accurately identify and classify small scale garbage dumps

in the rural areas of Cyprus from satellite imagery?

* [RQ 2] To what extent can data augmentation techniques improve a machine learning

model for such small scale satellite image classification?

1.3 Approach

To provide answers to the question above the following steps were completed. Data was
collected in the form of satellite images of known garbage locations in Cyprus, forming a
baseline set of images. This dataset was expanded through various data augmentation
techniques [11]: sharpening, rotating, cropping, and flipping. A suitable machine learning
model was selected for the study by training and evaluating various candidates against the
baseline. The chosen model was then trained on the augmented datasets with care given to
the tuning of hyperparameters [12] so that the performance of the model was optimised.
Finally, the accuracy of the model was evaluated by applying various validation methods and

statistics in order to arrive at conclusions with regards the efficacy of the model.



The study focused on a type of deep learning model referred to as convolutional neural
networks (CNNs). These work by applying various filters to the images which learn to pick out
low level then progressively higher level features from the images [13], culminating in, for this
study, the identification of garbage. Dimensionality of the input data is reduced to a
manageable level by use of such techniques as pooling [14]. CNNs have proven effective at

image recognition, and have been applied successfully to the area of remote sensing [15].

1.4 Results and Contributions

The results and outputs of the study are manyfold:

* A novel baseline set of satellite image patches labelled as containing/not containing

garbage, which might find use outside of this study.

» Several augmented datasets of similarly labelled images which may also find wider use

within the machine learning community.

» A set of CNN models which provide an accurate basis for garbage heap identification

with the potential to inform waste management policies in Cyprus.

1.5 Outline

Section 2 develops a theoretical framework to the study, mostly through a review of pertinent
literature. Section 3 establishes the research methodology used to answer the research
questions. This is followed by a discussion of the results in section 4 and finally a conclusion

and recommendations for future work in section 5.



2 Theoretical Background

2.1 Motivations

Webb et al., 2006 [3] provide a comprehensive study into the incidence of fly-tipping. They
describe in detail the who, how, where, and why of such practices and their environmental and
social impact. One limitation of the study is that it is primarily UK based. However, it seems
probable that it mirrors the issues experienced in Cyprus. One issue highlighted is the difficulty
authorities have in mapping the location of fly-tipping sites - a main driver behind this research
and one of the main objectives it seeks to address by producing models which can recognize

garbage dumps from satellite images.

2.2 Machine Learning

Standard machine learning (ML) techniques such as Support Vector Machines (SVM) and
Random Forest (RF) provide an alternative paradigm to traditional feature-based image
recognition, and have been successfully applied to many image recognition tasks.
Sheykhmousa et al., 2020 [16] describes a meta-study of 251 SVM and RF projects. It aimed
to develop a comparative analysis of the two methods, but much of the data is qualitative
obtained through a case study approach. Any quantitative data that was obtained does not
seem to be directly comparable as the types of project that the SVM and RF were applied to
are somewhat different. Nevertheless, the paper highlights that such methods are still being

utilised in some domains.

Useful as these approaches are in some limited contexts, they have limitations when images
are complex and large scale. For these deep learning approaches have been found to be

more useful.



2.3 Deep Learning

The original deep learning research into image recognition was undertaken thirty years ago
when LeCun used the Multilayer Perceptron with back-propagation to recognize handwritten
digits [17]. He describes back-propagation as an iterative algorithm used to adjust the weights
of the connections between nodes to minimize the difference between the predicted output
and the actual output. It forms the basis by which ANNs are trained on input data. Since then
deep learning has become the dominant method for all image recognition tasks, including
those involving remote sensing sources, such as satellite imagery. One of the main reasons
for this is that an ANN can model complex non-linear relationships, as described by LeCun in

his later 2015 paper [18].

Standard ANNSs can be effective for classifying small image patches, but for complex large
satellite images this is an impractical method. Each pixel of an image is a separate input to the
network. Once multiple layers are added to the network then the number of parameters in the
training process grows exponentially such that the training time and memory requirements
become prohibitively high, as Aggarwal details in his influential text book [19]. To address this

a type of ANN called the Convolutional Neural Network (CNN) has become very popular.

2.4 Convolutional Neural Networks

The first CNN was proposed by Fukushima in the foundational 1980 paper [20] in which the
neocognitron is described as an "improved neural network”. This is essentially a hierarchy of
networks composed of layers of nodes with "variable connections between adjoining layers”.
LeCun took this idea further in 1998 [21] in which back-propagation and gradient descent were
added and he showed how these strategies could solve pattern recognition involving high
dimensional images better than existing hand-designed algorithms. This lay the groundwork
for future CNN algorithms and their various variations such as LeNet, AlexNet, Google LeNet,

and ResNet. [22]. Much of the earlier work focused on recognition of small scale images,
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particularly that of handwritten characters [23]. The next section shows how this was adapted

for larger scale satellite imagery.

2.5 Machine Learning and Satellite Imagery

Satellite imagery offers particular challenges to machine learning. Forkuor et al., 2018 [24]
discus these at depth in a paper that describes land-use and land-cover mapping in Burkino
Faso. In addition to being much bigger, satellite images are multi-spectral. They describe the
Sentinel-2 satellites from the Copernicus programme as providing images that encompass 13
spectral bands; in addition to the usual RGB channels, data is provided as channels in the
near infra-red. This increases the options for analysing the data, allowing inferences to be
made about differences in thermal characteristics, which could be useful for certain types of
garbage dumps, especially if they contain biological matter. However, the more channels used
to train a model then the more parameters must be handled, increasing the learning time.

Consequently, it was decided for this study to use three channel RGB images.

Vaishnnave et al., 2019 [25] provide a survey of various methods of classifying satellite
datasets. The methods covered include popular CNN algorithms such as AlexNet, ResNet-50,
GoogleNet, and CaffeNet. Of particular interest is a summary of the accuracy achieved for
each approach, with the CNN methods performing best with quoted accuracy of 93% to 99%.
It should be noted that these figures are drawn from different studies with different datasets
and different aims, so are not really comparable; nevertheless they do provide some support of

the approach taken in this study.

A particularly relevant study is that of Rajkumar et al., 2022 in which a variety of ML algorithms
are applied to landfills taken from WorldView and GeoEye satellite missions [5]. A modest
dataset of 245 images was collected, with each image being 512x512 pixels. No indication is
given of the area covered, however it is clear that the landfills are significantly bigger than the

ones addressed by this study. The results showed “considerable” accuracy with between 76%



and 83%. This is well below the reported accuracy figures of [25]; perhaps the difference being
due to the smaller dataset. The paper claims that models trained on high-definition imagery
generalised well to detecting low resolution, although no evidence is given for this. The paper
is particularly interesting because: it addresses the same class of images as this study, it gives
some indication of useful image "patch” size, uses a similar dataset size, suggests some
possible CNN algorithms, and gives a baseline for what accuracy might be expected for a

modest sized dataset.

2.6 Residual Networks

One subset of CNN that has been particularly successful in the area of remote sensing is that
of Residual Networks (ResNets). Introduced by He et al. in a 2016 paper [26], this influential
architecture addresses the vanishing gradient problem. This problem occurs in deep networks
when the value changes back-propagated become so small that no meaningful weight updates
(and, therefore, learning) occurs. The paper describes an architecture where shortcut
connections can be made between layers, allowing nodes to be treated as blocks during the
learning process (see figure 1 from the paper). This helps better move the gradients through
very deep networks. The paper describes networks of over 1000 layers being able to be

trained in this way.
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Figure 1: ResNet Architecture



2.7 Pretrained Zoo Models

Pretrained models are specific implementations of ML algorithms that have been trained on
large amounts of data. They can be used to "shortcut” the training time of similar problems and
result in better models. The paper by Yosinski et al., 2014 [27] details early work that showed
how even when the training data is significantly different from that of the target problem, that
models designed around them perform better than those that are not pretrained. It is not fully
established why this is, but it might have something to do with the general structures that make
up typical objects in 2D images being learned, such as edges, irrespective of what the target
image is. A limitation of the study was that it was performed against a narrow set of network
structures (CNNs) and a single (if substantial) data source - ImageNet [28]. How well the
results would generalise to other network and data types is unclear. However, as both CNNs

and the ImageNet dataset are pertinent to this study, the paper remains a valuable input.

2.8 Siamese Networks

An interesting alternative/complement to CNN is that of Siamese networks, as described by
Chicco (2021) [29]. This paper describes a siamese neural network as an ensemble of two
ANNs which work in parallel, comparing the two outputs for similarity, usually via a cosine
distance calculation [30]. This has been found to deliver good results even with quite modest
sized datasets. The paper provides an overview of areas to which Siamese neural networks
have been applied, such as audio and signal processing. It also describes their use in image
analysis, particularly to signature and fingerprint recognition. Brief mention is given of their
application to remote sensing projects - analysis of satellite images. However, the paper does
not explore the potential limitations of such "twin” networks or provide practical guidance in

their implementation.

Whilst an interesting alternative/addition to basic CNN approaches to image classification, the

additional complexity of the siamese approach would have been impractical given the

8



resources and time constraints of the Cyprus garbage study, so was not taken further.

2.9 Hyperparameter Optimisation

Aggarwal (2018) [31] describes hyperparameters as neural network parameters external to
those trained by the model. They encompass such aspects as number of network layers,
dropout, early stopping, and various normalisation methods as described in this 2012 Bengio
treatise [32]. Selecting the most appropriate of these parameters can have great effect on the

performance of the trained model.

However, there are often many such parameters and the values they might take also many. To
choose appropriate parameters one of two approaches tend to be adopted. A systematic
method might be used which effectively performs a search through the search space of the
possible hyperparameter combinations, as described by Andonie et al., 2020 [12]. However,
for a large network this might require a large amount of time and processing power because
the model must be at least partially trained each time to enable comparisons to be made.
Alternatively, a more ad-hoc experimental approach might be taken based on judgement and
experience. Although much less rigorous than the systematic approach, this requires less time
and is most commonly used. The various constraints of this study suggested the latter

approach the more pragmatic.

210 Deep Learning Frameworks

Parvat et al., 2017 [33] provides a brief summary of popular deep learning frameworks and
their respective capabilities. It does not explicitly define what a deep learning framework is, but
from the capabilities it reviews one can infer it to be a set of tools and components that aid in
the development, training and validation of ANNs. They typically provide a GUI and/or

command-line interface, algorithm implementations, pretrained models and an API with which



to construct the models, set hyperparameters, pass data and receive the results. The
frameworks covered by the paper are Theano, DeeplLearning4dJ, Caffe, Torch and Tensorflow.
The programming interfaces for these are a mix of Python, C/C++ and Java. The paper
suggests that it evaluates the frameworks, but it mostly provides a capabilities comparison.
The conclusion is that they mostly supply similar features, and much therefore depends on

personal choice of (for example) Python versus Java versus C/C++.

Of the frameworks referred to above, the Java-based deep learning framework
DeepLearning4j was of particular interest. It provides implementations of a large a set of
neural network models, algorithms, and utilities together with extensive hyperparameter tuning
capabilities [34]. It has also been integrated with the Weka machine learning workbench [35].
This allows a rapid prototyping approach to be taken by leveraging the easy to use GUI to
upload datasets, select machine learning models, tune hyperparameters, run the models and
obtain visualisations of the results. Sample screenshots of the Weka GUI can be found in
appendix A.5. Re-tuning and re-running models based on the results from earlier iterations is
trivial [36]. This made Weka/DeeplLearning4j the obvious choice for the experimental nature of

this study.

The next section moves away from machine learning models and looks at actual sources of

the data and their collection and preprocessing.

2.11 Data Collection

There are several potential sources of high resolution satellite data. The US geological survey
provides Earth Explorer - a user interface into the Landsat satellite system [37]. Sentinel data
is available from the ESA open access hub [38]. Forkuor (2018) [24] describes a study of
these two sources for land use and land cover, and applied three ML algorithms to compare
their relative performance. Of the two, the Sentinel data proved slightly more accurate than the

Landsat, although the algorithms were not ANN based, which tempers the applicability of the
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results for this study.

An additional potential source of images is the Google Earth engine [39]. This provides both a
browser and application front-end into a mix of Landsat and Sentinel imagery, which are freely
available for third-party use. Zhao et al., 2021 [8] summarises the Google Earth engine and

categorises the types of use to which the engine has been applied, including land classification.

2.12 Data Augmentation

Obtaining relevant labelled satellite imagery for most ML is difficult and time consuming [10]. It
can be especially challenging to source images in sufficient numbers to obtain meaningful
results. One way to address this is to use image augmentation techniques to enlarge the base
set of images. Shorten et al., 2019 [11] offers a comprehensive overview of the various
approaches, including geometric and photometric. Geometric techniques focus on changing
an image by rotating, cropping, and scaling. Photometric focuses on changing an image by

altering the contrast, sharpening, and brightness.

These two approaches are studied in more detail by Taylor et al. (2018) [40] in which the
results of performing ML experiments on both are described. The DeeplLearning4J

framework [36] and CNNs are used on a dataset enlarged using a variety of techniques and a
comparison made. The study does not record the results of applying all techniques together at
once, but does suggest that geometric cropping provides the biggest improvement from a

baseline of 48.13% to 61.95%.

1



3 Research Methodology

3.1 Research Design

In order to achieve the aims and objectives introduced in section 1.2 the following approach

was adopted:

To collect a set of satellite images from a publicly available source.
» To appropriately label each image as either "garbage” or "not garbage”.

» To apply several promising supervised deep learning approaches to this "baseline” set of

images and to choose the best performing for the remainder of the study.

» To evaluate the effects of varying various key hyperparameters against the baseline set

and selected model to determine a near optimal model configuration.

» To apply various data augmentation techniques to the baseline dataset in order to derive

enlarged datasets.

» To evaluate each enlarged dataset against the best performing machine learning model

and make appropriate performance comparisons.

This follows the classical machine learning approach as described in [41], against a dataset
novel both in terms of geographical location and in the size of features of interest. This
represents a quantitative experimental approach involving the systematic analysis of data to
produce probabilistic numeric outputs. This is the best approach to address the research
questions under study as it represents a rigorous testing and evaluation of the various models.
It is a method that can systematically vary different aspects of the machine learning process,
such as the size and type of dataset, the types of algorithm used, the tuning of
hyperparameters, and to evaluate how these all impact on the performance of the models to

arrive at an optimal solution.

12



Other methods might have been chosen to address the research questions, such as classic
image processing and pattern recognition techniques. However, these tend to be oriented
around computer vision and real-time interaction and lack the ability to automatically learn and
extract features at different levels of abstraction in the way deep learning algorithms can. The
problem could also have been addressed using standard machine learning as described in
section 2.2. However, these would be unlikely to be able to handle the complex and
ambiguous image data as well as a deep learning approach or be able to match their

classification accuracy.

The sections that follow describe the above process in detail together with limitations of the

study.

3.2 Data Collection

The data collected for this study was RGB colour satellite images centred on latitude/longitude
coordinates known to contain garbage dumps. These points were collected over the last year
and are taken from a variety of rural locations. They provide a representative set of images of
the sort of garbage dumps found throughout Cyprus, taken from a variety of land types, such
as forest, scrubland, mountain, and arable. An alternative to 3 channel RGB images could
have been used; multispectral images are available which provide more channels, up to 13 in
the case of Sentinel 2 sensors [24]. These make use of wavelengths such as near-infrared
(NIR) and thermal infrared (TIR) which can provide useful complementary information about
landcover types. However, these tend to be most useful for detecting vegetation cover, and
soil types. They also add significantly to the data volume to be processed and risked being

beyond the computational resources available to the project.

For every image collected of a garbage dump site, a corresponding image of a nearby location
that did not contain garbage was collected; this ensured a balanced dataset of both classes of

interest (garbage, not-garbage). A balanced dataset is important to prevent biases in the

13



learned model, as discussed in [42]. A baseline set of 100 images was collected - 50 labelled

as "garbage” and 50 labelled as "not garbage”.

Various possible sources of satellite imagery exist, as detailed in 2.11. It was decided for this
study that the best source would be Google Earth [39]. This decision was made due to its ease
of use and availability, and because it covers the areas of interest with little cloud cover which
would otherwise obscure the features of interest. Google earth has also been used

successfully on various other similar land classification projects, such as [6] and [43].

One aspect of image based ML of great importance is the image size of the samples being
used to train the model [44]. Several popular CNN algorithms have been designed against
specific images sizes. The original LeNet designed for the MNIST dataset was intended for
32x32x3 images [45]. AlexNet, ResNet, and VGG architectures assume image size of
224x224x3 [46] [26] [13]. The Inception (GoogleNet) algorithm is optimised for 299x299x3
images [47]. For this study the images collected are 200x200x3 files and upscaled as
necessary for the model. These were a convenient size to work with and allowed the features

of interest to be placed within a single image per occurrence.

Figure 2 3 and 4 illustrates sample garbage/not garbage image pairs, drawn from "big”,

"medium” and "small” samples.

Figure 2: Big garbage dump
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Figure 3: Medium garbage dump

Figure 4: Small garbage dump

Once research began it became clear that the chosen image size/land area combination had a
problem. Images were collected that centralised the garbage features of interest. Obviously
randomly selected images beyond the training set would not possess this characteristic and
would more likely occupy some non-central position within the image, or for larger garbage
features be “clipped” by the image boundary. Training on the data as was would probably
perform poorly against a real-life set of images [40]. There were various ways to address this,
such as expanding the dataset to include images towards and straddling the image boundary;
however this would be quite laborious and a main aim of the study was to leverage a minimal

dataset. Consequently an approach was taken to use geometric cropping to produce five
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images per cropped image - one centered (the original image) and one for each quadrant.
Figure 5 attempts to illustrate this process by using a different colour square for each quintile.
Each of these five images were fed into the subsequent augmentation steps. To prevent
production of "garbage” image patches without any actual garbage features, this process was

only applied to images containing garbage features of a certain minimum size.

Figure 5: Augmentation via clipping

Each 200x200px image maps onto a land area of around 20mx20m area, with one pixel
representing around 10x10cm. Other corresponding land classification studies tend to use
each image pixel representing a larger land dimension, such as [6] using 150x150m patches.
However, these studies are focusing on garbage sites covering much bigger areas. Most of

the sites in Cyprus are smaller, so a smaller image patch can be used.

Various meta-data was collected pertaining to each image-pair and stored in a MySQL
database, together with a file system reference to the location of the image. A simple PHP
web-interface provided easy access into this database, allowing entries to be added, viewed
and updated. The database schema is shown in the appendix together with screen shots of

the web forms (appendix A.2).
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3.3 Data Augmentation

Labelled satellite imagery for ML projects of this sort is expensive and laborious to collect in
large enough quantities to produce accurate and robust models [48]. Studies have frequently
relied on image augmentation to enlarge the dataset whilst preserving the labelling
characteristics of the images. A major aim of this study was to explore how ML accuracy can
be improved by such techniques, when applied to the Cyprus garbage satellite image set.
Section 2.12 reviewed methods of increasing an image set set via image augmentation. [11]
categorize such techniques as being one of. geometric, photometric or deep learning based.
This study focused on the geometric and photometric techniques. Deep learning techniques
could have been used as an alternative, or supplemental, approach to augmentation.
However, deep learning augmentation requires significant computational resources when
compared to conventional geometric and photometric procedures. Consequently this did not

form part of the study.

The geometric augmentations most likely to offer improvement according to [40] were applied

as follows (inclusive of the original image):

» cropping: each suitable garbage labelled image and their non-garbage counterpart was
subject to the cropping method described in the previous section. This increased the

baseline set x2.

* rotating: each image was rotated by 90, 180, and 270 degrees. This increased the

baseline set x4.

« flipping: each image was flipped horizontally and vertically: this increased the baseline

set x3.

The most promising photometric technique seemed likely to be sharpening. The nature of the
typical garbage image is one of rectangular shapes, often slightly blurred due to the available

resolution. Sharpening can improve these and enhance the edge-detection capabilities, as
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outlined in [10]. The images were all subjected to a sharpening "kernel’ filter, increasing the

baseline set from 100 to 200 (inclusive).

Appendix A.3 provides a few illustrations of the result of augmenting an image. How these
various data augmentations were made to the baseline set and made available to the ML

algorithms is described in the next section.

3.4 Machine Learning

Once a suitably augmented set(s) of data were obtained, the ML process was carried out as

follows:

» choose model instance to go forward with
* tune hyperparameters
* run model against each augmented dataset

» run model against pipelined datasets - carefully selected combinations of augmented

datasets

evaluate the results

This iterative process of tuning hyperparameters, training on augmented datasets, combining
them in pipelined datasets, and evaluating the results helped in improving the model’s

performance and ability to handle novel scenarios.

3.41 Choosing the model

Only convolutional neural network (CNN) models were considered for the actual machine

learning. When a neural network is applied to a 224x224x3 image, then there are 150,528
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input values for each image. This is too high a dimensionality to train a neural network using
fully connected layers given the modest computational resources available to the project [49].
CNNs use such techniques as pooling to reduce this dimensionality [50]. They also use filters
to pick out features of interest in an image. These work by highlighting low level features such
as edges which can be fed into further filters that can reveal higher level features, such as
polygons, which can fed into yet more filters until (in this case) garbage dumps might be

recognised [19].

There are many possible CNN models to choose from. It was decided to evaluate a range of
those that had been successfully applied to image classification tasks, including several
winners of the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) [51]. The
process was to apply each candidate model to the baseline (unaugmented) and compare the
relative performance of the model, using the metrics described in section 3.5. [5] and [25]
suggest that Residual Network model might be most effective when applied to this dataset,
which proved to be the case. The results section 4.1 summarises the outcome of this model

selection process, including a list of the candidate models evaluated.

All the models evaluated were pretrained. These have already been trained against an image
dataset, in this case the publicly available ImageNet dataset [28]. Whilst not consisting
exclusively of satellite imagery (in fact only a small proportion is) it has been found that even
models pretrained on non-satellite images have an advantage over those not pretrained at

all [27].

3.4.2 Tuning Hyperparameters

There are two types of parameter that neural networks work with. The model parameters are
those that are internal to the model and which are estimated by the algorithm as it works
through the nodes in the network, calculating the weights and biase. There are also

parameters external to the model which can be set manually - referred to as
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hyperparameters [31]. Setting these appropriately can greatly improve performance of the

model, reducing the execution time and resulting in better accuracy. This "tuning” process is
mostly experimental, guided by experience of understanding of what the various parameters
are intended to accomplish, as reviewed in section 2.9. For the Cyprus garbage dataset, the

following hyperparameters were chosen for further evaluation against ResNet-50 [32]:

early stopping: terminate the training process if no improvement is found (potentially

speeds up the training process)

+ optimisation algorithm: methods of applying the loss (error) function to arrive at a set of

optimal weights and biases (potentially improves the accuracy)

* L1 and L2 regularisation factors: makes adjustments to values of coefficients (potentially

reduces overfitting)

+ dropout: using various criteria to exclude some nodes of the network from the training

process (again, potentially reduces overfitting)

These hyperparameters are not an exhaustive set of those available, but represent a typical
collection of those that might be expected to improve the performance of the model if selected

judiciously.

The parameters were tuned by selecting appropriate values for each and training and
evaluating accuracy of the model in an iterative way. This was done for each parameter in
isolation. An assumption was made that parameter settings would not be interconnected. This
is probably a slightly naive assumption, but to assume otherwise would have resulted in an

unmanageable set of possible parameter combinations.
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3.4.3 Modelling Individual Datasets

The following datasets were modelled to establish the relative effectiveness of each data

augmentation technique via the selected model, as determined in the results, section 4.1:

baseline dataset of 100 samples

» geocropped dataset of 200 samples

sharpened dataset of 200 samples

flipped dataset of 300 samples

rotated dataset of 400 samples

For each such dataset performance metrics were collected, as described in section 3.5. The
aim of this was to establish a set of baselines for comparison of the various data augmentation
techniques and for later evaluation of improvements (or otherwise) as they were pipelined

together.

3.4.4 Modelling Pipelined Datasets

There are numerous ways of combining the individual datasets, and it is only practicable to
model a subset of these. For this study, to give a reasonable variation of datasets the following

pipelines were modelled:

Note that rotation operations multiply each sample by 3 (90°, 180°, 270°) and flipping
operations multiply each by 2 (horizontal and vertically flipped) - in each case excluding the

original sample (to avoid repeatedly including it in the dataset).

There are clearly many other ways the datasets could be combined together, for example by

creating datasets without sharpening the images, or omitting/combining image augmentations
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Table 1: Pipelined Models

Pipeline Description #Samples
Label
pipeline_1 | Add each individual dataset into total dataset 800

pipeline_2 | For each sample, rotate the sample, flip the sample, add those | 1200
6 samples to total dataset. Then sharpen the sample and rotate
and flip that sharpened sample, add those 6 samples to the total
dataset

pipeline_3 | Perform as per pipeline_2 but also do the same with the cropped | 2400
dataset, doubling the number of samples
pipeline_4 | Combine the datasets to their fullest, by making the rotation and | 4800
flipping operations multiplicative rather than additive

in different ways. However, the sets chosen provide a representative set of different sample
sizes with which to compare the model performance, both as a means of assessing the impact
of data augmentation on the results of the model and of how well a model can be trained to

recognise garbage.

3.5 Statistics Gathered

The research undertaken represents a binary classification problem. The model produced
classifies image patches as either containing garbage (the "positive” outcome) or not (the
"negative” outcome). This implies that for any attempt to classify a particular image, when

compared to the actual classification, there are four possibilities [52]:

1. the classification is "contains garbage” and the image does actually contain garbage: a

“true positive” (TP)

2. the classification is "contains garbage” but the image does not actually contain garbage:

a “false positive” (FP)

3. the classification is "does not contain garbage” and the image does not actually contain

any garbage: a "true negative” (TN)
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4. the classification is "does not contain garbage” but the image does actually contain

garbage: a "false negative” (FN)

Most of the statistics used to assess the efficacy of a binary classification problem make use
these four quantities. The ones used in the study, either directly or buried within another

statistic are detailed below.

Accuracy: the percentage of correctly classified predictions with respect to the entire dataset.
This gives a good quick indication of how well the model is performing, especially for balanced
datasets such as we had here. See equation 1 for how it is calculated from the figures referred

to previously.

Accuracy = P+ TN (1)
YT TP TN+ FP 1 FN

Precision: how well the model predicts positive results. This metric does not give a complete
picture as it does not take into account false negatives, in this case predictions of image

patches not containing garbage when they actually do. See equation 2.

TP

Precision = TP FP

(2)
Recall: the fraction of true positive instances that are correctly identified by the model. This
metric does not take account false positives, in this case the predictions of image patches

identified as containing garbage which do not. See equation 3.

TP

Reca” - TP—{——FN

3)

These metrics give valuable insight into how well a model is performing in terms of predictive

accuracy, but they do not provide a complete picture [53]. There are various useful ways in
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which these statistics can be combined to produce a more complete picture.

F-Score: this balances precision and recall by calculating their harmonic mean. See equation

4.

Precision x Recall
F =9 4
Score % Precion + Recall 4)

However, it can be seen that with the F-Score the true negative quantity is not taken into
account (because neither precision nor recall do so). The implication is that images predicted
to contain garbage, but actually do not, will not effect the stated accuracy of the model via the

F-Score.

MCC A statistic which takes account of all parts of the confusion matrix is the Matthew
Correlation Coefficient (MCC) [54]. This measures the correlation between the actual and
predicted classes, and yields a value between -1 and 1. An MCC of 1 indicates perfect
classification, 0 random performance, and -1 a wholly negative correlation. See equation 5.
This takes equal account of all four parts of the confusion matrix, so it is one of the preferred

statistics used on this study.

(TP x TN — FP x FN)

MCC =
/(TP + FP)(TP+ FN)(TN + FP)(TN + FN)

Various other metrics could have been used to those above. Some of these, such as root
mean square error (RMSE), are more suitable to regression problems where the target
variable is represented by a continuous value [52]. Others, such as Cohen’s Kappa statistic,
are most useful for classifications where the dataset is imbalanced [53]. As this study is
neither a regression problem nor imbalanced, it was felt that those listed above represent a

good set of measures applicable to the balanced binary classification nature of the study.
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3.6 Frameworks/Tools

The research was conducted using the Weka machine learning toolkit (Waikato Environment
for Knowledge Analysis) [35]. This is an extensible Java based toolkit that provides support for
data preprocessing, implementations of many popular machine learning algorithms,

visualisation tools, results statistic reporting, and much more.

For this research Weka was used in conjunction with DeepLearning4J [55], which provides
Java implementations of many deep learning models, including convolutional neural networks.
Various popular models are provided, such as AlexNet, LeNet, ResNet and Inception. One
especially useful feature is that many of these come as "zoo models” [56] pretrained on
several publicly available image datasets, including ImageNet [28]. These pretrained models

significantly shorten the training time required for new datasets [27].

Both Weka and DeepLearning4j provide programmatic APl and command line interfaces.
Weka also offers a user friendly GUI with which to supply datasets, invoke models, and

visualise the results.

Several alternative frameworks could have been used in place of Weka/DeeplLearning4j [33].
Keras is a Python programming framework for constructing neural networks in relatively few
lines of code. Pytorch is another powerful Python programming framework that provides
similar features to Keras. Either of these two frameworks could have been employed for the
research, but it was felt that the Weka integrated GUI combined with the various pretrained

models made it particularly suitable for the prototyping aspects of the project.

In addition to the frameworks employed for the core machine learning tasks, various other
utilities and techniques were used for data collection and augmentation. Data augmentation
was performed using a set of simple bash shell scripts. These in turn utilised both the
ImageMagick image processing software [57] and the powerful ffmpeg multimedia

software [58]. Various other systems could have been used, such as the built-in Keras
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augmentation capabilities [59], but ImageMagick and ffmpeg were simple to use and

performed all the functions required.

A simple web interface was used to aid in collection of the image data samples, written in the
PHP programming language. This utilised a MySQL database for data persistence [60]. A
Java program was written to turn the images that form a dataset into a file in the Weka "arff”
format [35] that can be processed by Weka. A sample file in this format is represented in

appendix A.4.

Appendix A.1 lists each software package used and their versions.

3.7 Limitations

A CNN project requires large and diverse datasets for effective training [10]. This project has
been based on a modest baseline set of 100 images. However, data augmentation techniques
have boosted the dataset size up to 4800. Nevertheless, additional images added to the

baseset would add to the predictive performance of the model.

The images were gathered at a resolution of 1 pixel representing 10x10cm of land coverage.
The model might not perform as well against different resolution images. In addition, during the
research the same land area was found to have different chromatic characteristics depending
on what date satellite images were taken. An area for future exploration is to examine how the
developed model performs against images that differ in this way. Possibly a model developed
against a grey scale could be more robust against such variability. Converting the images to

grey scale and rerunning the tests would be an interesting area for future study.

Many of the images were collected in mountainous wooded areas, which tend to predominate
on the island. The effects of this were mitigated to an extent by using an independently
collected test dataset from other areas of the island without these characteristics. Nevertheless

a larger more diverse dataset would only improve the accuracy and robustness of the model.
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It is also the case that wooded areas may obscure garbage dumps, reducing the effectiveness
of the model in detecting these and boosting the "false negative” numbers. It might be the
case that expanding the search beyond the 3-channel RGB into, for example, the infrared,

might improve this aspect of the model by detecting thermal differences.
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4 Results and Discussion

This section evaluates the results of the various experiments to first choose the best
performing model type, then optimise the hyperparameters and finally run the model against
the various datasets, both unaugmented and augmented. At each stage statistics such as
accuracy, F-Score and MCC were collected (see section 3.5) and used as the basis for

comparison.

4.1 Model Selection Results

The results of evaluating the various models to determine a single candidate to move forward
with, as described in section 3.4.1, are shown in table 2. This shows the accuracy, F-Score
and MCC metrics for a run of each model on the 100 image baseline dataset. In all cases the

"Dl4J” flavours of model were used from Weka/Deeplearning4j.

Table 2: Model Evaluation

Model Accuracy | F-Score | MCC
LeNet 53.00 0.53 0.06
VGG N/A N/A N/A
AlexNet 50.00 0.45 0.00

KeraslnceptionV3 47.00 0.47 -0.06
Xception 50.00 0.37 0.00
ResNet50 67.00 0.66 0.36

From this it can be seen that the ResNet-50 implementation gives the best performance
against all measures '. This is consistent with the results of other satellite based land
classification studies that had evaluated several CNN models, as highlighted in section 2.5.
The ResNet-50 model was therefore selected for subsequent steps in the process. This has
48 convolutional layers, one MaxPool layer, and one average pool layer and a total of of

around 23.5 million trainable parameters [26].

'"The VGG implementations yielded arithmetic underflows, possibly due to the "vanishing gradient” problem
appearing for these models [61]
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4.2 Hyperparameter Tuning Results

The following hyper-params were experimented with (as described in section 3.4.2):

mini-batch size

early stopping

+ optimisation algorithm

L1/L2 regularisation factors

» dropout

Of these, the only hyperparameter that had any noticeable impact on the results was the

mini-batch size. As described in section 3.4.2 the purpose of this parameter is to split up the
dataset into small batches which are fed into the gradient descent algorithm. It lies between
stochastic gradient descent and batch descent, trying to find a reasonable balance between

the two [62].

There are various possible reasons why other parameters might have so little impact on the
outputs. It may be that the dataset is of insufficient size for the model to respond well to
adjustments in the hyperparameters, or the ResNet-50 model itself might be architecturally so
well regularized, especially as we are using the pretrained zoo model variant, that
hyperparameter tuning has little effect. However, similar lack of impact was observed when
modifying these hyperparameters for other models, such as KeraslnceptionV3. It may also be
that be that these features as implemented in the DeepLearning4d are not being propagated
from the Weka API. In fact, examining the Weka/Deeplearning4j source code uncovered
evidence to this effect 2 and further investigation suggests that the most recent version of

Weka/Deeplearning4j is not using the most current version of the Deeplearning4j backend.

Because of this, all tuning experiments focused on the mini-batch parameter, as shown in

tables 5, 6, 7, 8.

2This comment in the org.deeplearning4j.ui.module.train. TrainModule class seems relevant (the "TODO” is from
the source code, not this report!) ”/TODO: Maybe L1/L2, dropout, updater-specific values etc”
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4.3 ResNet-50 Results

This section describes the results of the various experiments outlined in sections 3.4.3 and

3.4.4 run on the ResNet-50 model, pretrained on the ImageNet image database [28].

4.3.1 Singly Augmented Datasets

These are results of applying a single augmentation technique to the baseline dataset and
adding the augmented dataset to the baseline dataset; the ResNet50 algorithm was applied to
each of these datasets in turn. The trained model used a mini-batch size of 8 and 5x cross-fold
validation as described in [63]. This mini-batch size was used because it had been shown to
produce good accuracy results whilst cutting down the training time without causing memory
issues for the hardware used. 5x cross-fold validation was used in preference to the common
alternative of 10x because it cut down the training/validation time by nearly 50% whilst
producing metrics quite similar to the larger validation approach.

Table 3: Single Augmentation Evaluation

Dataset # samples | Accuracy | MCC | F-Score
Collected baseline 100 56.00 0.12 0.56
Baseline + Cropped 200 83.50 0.68 0.83
Baseline + Sharpened 200 74.00 0.05 0.74
Baseline + Flipped 300 90.33 0.82 0.90
Baseline + Rotated 400 95.25 0.91 0.95

From this it can be seen that each of the augmentation techniques have yielded significant
accuracy improvements over just the baseline dataset. The bigger the augmented dataset the
greater the improvement, which is broadly in line with expectations. The flipping and rotating
augmentation techniques in particular gave results suggestive of very good performance, with
accuracy levels 90 percent and above, with similarly good MCC and F-score metrics. Perhaps
these results are too good, especially on such small datasets. This might be suggestive of
overfitting, a topic which is discussed in the next sections in the context of the pipelined model

runs.
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4.3.2 Pipeline Augmented Datasets

This section summarises the results of the various pipelined experiments. Table 4 lists the
performance measures collected as a result of running the experiments against the datasets

described in section 3.4.4, using a mini-batch size of 8 and 5x cross-validation used previously.

Table 4: Pipelined Evaluation

Pipeline | # samples | Accuracy | MCC | F-Score
1 800 96.65 0.93 0.97
2 1200 98.25 0.97 0.98
3 2400 98.29 0.966 0.98
4 4800 99.81 0.99 0.99

This show that the accuracy improves as the dataset size increases, which was the
expectation. However, the accuracy results are again very high in comparison to that reported
in other similar land classification studies. For example [5] reported a maximum accuracy of
83%. The results are also better than competitors have achieved in the various ILSVRC
competition [51]. It seemed possible, therefore, that some form of overfitting was

occurring [64]. To investigate this further three more experiments were performed. One was to
run the model against different mini-batch sizes to examine the impact of this. Large batch
sizes have been found to sometimes result in loss of generalisation of models [65]. Another
was to run the model and validate using a percentage split approach instead of using
cross-fold. In theory, percentage-split might be more prone to overfitting as a smaller training
set is used, but it was felt that it would give an additional basis for comparison. The third was
to collect an additional dataset of garbage/not garbage images independent of the training set
and to use these as a test dataset. The results of applying the model against this test dataset
would provide further insight. This results of running these experiments are described in the

next section.
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4.3.3 Summary Tables

The tables in this section summarise the results of running the model against each pipeline set
of data, as detailed in section 3.4.4 3. For each dataset the model was evaluated using each of
the three validation methods: 5 times cross-fold, 70% split, and using the independent test
dataset. In addition this exercise was replicated for four mini-batch sizes: 1, 8, 32 and 64. The
mini-batch parameter had been previously shown to have most impact on the model of all the
various hyperparameters, and this set was chosen to obtain a representative spread of results.

All other hyperparameters were left at their default values.

The tables show the accuracy and MCC metrics for each permutation. The F-score metric was
dropped for reasons of clarity in interpreting the tables, and because it takes into account less

information than does the MCC statistic. An average was taken for each measure against the

validation methods as a way of combining the results into a single value. The most accurate

model for each mini-batch, as determined by their average, is highlighted in bold.

These tables illustrate that in all cases, even for the unaugmented baseline, that the trained
models perform significantly better than chance in their ability to correctly classify an image as

containing/not containing garbage. In many cases it does so with greater than 80% accuracy.

The experiments show that the model tends to perform worse against the independent test
dataset than when validated against the training data using the cross-fold and percentage-split
methods. There are various possibilities for this. The model may be overfitting to the training
set - which is why a separate independent dataset was added. The test dataset is fairly small
and unaugmented, which might be resulting in less representative results. However, even with

these caveats the models show promising predictive capabilities.

The model which gives the best results is the 2400 instance dataset combined with a 64

sample size mini-batch. However, the combined results of the 32 size mini-batch gives the

3The 4800 size pipeline dataset was dropped because the associated training time proved prohibitive. It is felt
that the performance of the lesser augmented sets was such that this had little impact on the overall results.
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Table 5: mini-batch size = 1

Dataset | #samples | 5x cross-fold | 70% split test dataset | Averaged
Acc | MCC | Acc | MCC | Acc | MCC | Acc | MCC
baseline 100 55.00 | 0.10 | 60.00 | 0.16 | 67.00 | 0.44 | 60.67 | 0.23
pipeline 1 800 7510 | 0.52 | 81.70 | 0.63 | 64.00 | 0.30 | 73.60 | 0.48
pipeline 2 1200 79.20 | 058 | 74.20 | 0.51 | 37.00 | 0.04 | 63.47 | 0.18
pipeline 3 2400 73.20 | 0.46 | 79.58 | 0.59 | 99.40 | 0.99 | 84.06 | 0.68
Table 6: mini-batch size = 8
Dataset | #samples | 5x cross-fold | 70% split test dataset | Averaged
Acc | MCC | Acc | MCC | Acc | MCC | Acc | MCC
baseline 100 56.00 | 0.20 |46.70 | 0.01 | 74.00 | 0.49 | 58.90 | 0.23
pipeline 1 800 93.75| 0.88 | 95.83| 0.92 | 77.00 | 0.57 | 88.86 | 0.79
pipeline 2 1200 98.25| 0.97 | 78.21| 0.58 | 79.00 | 0.60 | 85.15| 0.72
pipeline 3 2400 98.29 | 0.97 | 95.65| 0.91 | 73.00 | 0.49 | 88.98 | 0.79
Table 7: mini-batch size = 32
Dataset | # samples | 5x cross-fold | 70% split test dataset | Averaged
Acc | MCC | Acc [ MCC | Acc | MCC | Acc | MCC
pipeline 1 800 98.00 | 0.96 |96.70 | 0.93 | 79.00 | 0.60 | 90.23 | 0.83
pipeline 2 1200 99.50 | 0.99 |98.60 | 0.97 | 75.00 | 0.49 | 91.03 | 0.82
pipeline 3 2400 99.30 | 0.98 [ 99.30 | 0.99 | 76.0 | 0.54 | 91.53 | 0.84
Table 8: mini-batch size = 64
Dataset | # samples | 5x cross-fold | 70% split | test dataset | Averaged
Acc | MCC | Acc | MCC | Acc | MCC | Acc | MCC
pipeline 1 800 96.12 | 0.92 |48.00 | -0.01 | 78.00 | 0.58 | 74.04 | 0.75
pipeline 2 1200 98.75| 0.98 | 71.67 | 0.50 | 78.00 | 0.53 | 82.81 | 0.67
pipeline 3 2400 99.12 | 0.98 | 99.44 | 0.99 | 80.00 | 0.58 | 92.85 | 0.85
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most consistent results overs all datasets, with a combined average accuracy more than 90%
for each dataset, and is the one that the authors would suggest adopting for any future

extensions of the study or for making predictions.

4.4 Running Predictions

The previous sections describe the results of training models and evaluating them using
various validation techniques and against a set of test data. Once a model has been trained it
can be used to make predictions against new data. This is achieved by creating a Weka ”.arff”’
prediction file - which is identical to a Weka training file, but with the label replaced by a "?” to
signify that the outcome is not yet known. An example of such a file is shown in appendix A 4.
This refers to 20 images that we want to make predictions against. The results of using the

model trained against the baseline are shown in appendix A.7.
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5 Conclusion

This study sought to answer two research questions, as detailed in section 1:

* [RQ 1] What are the most effective machine learning algorithms and techniques for
developing a model that can accurately identify and classify small scale garbage dumps

in the rural areas of Cyprus from satellite imagery?

* [RQ 2] To what extent can data augmentation techniques improve a machine learning

model for such small scale satellite image classification?

To answer these questions a baseline dataset of 100 training satellite image patches was
collected using Google Earth [39] and labelled as either "garbage” or "not garbage”. Several
popular convolutional neural network implementations were trained and evaluated on this

baseline set, with the ResNet-50 model showing the most promise in terms of accuracy.

The baseline dataset was then augmented by applying various combinations of sharpening,
rotating, flipping, and cropping. This resulted in "pipelines” of 800, 1200, 2400, and 4800 sized
image sets. The ResNet-50 model, pretrained on the ImageNet dataset [46], was trained on
each pipelined collection of images and the performance of each model evaluated with respect
to the others. In addition, various combinations of mini-batch size was used to improve
generalisation of the models and reduce overfitting [66]. Various validation techniques were
used to evaluate the accuracy and generalisation capabilities of the models, including
cross-fold validation, employing a holdout dataset, and testing against a separate

independently collected set of images.

The experiments showed that ResNet-50 provides an effective machine learning model in the
detection of garbage dumps ([RQ 1]). With just the small baseset of 100 images, a model
could be trained that correctly predicts around 70% of novel images. When the size of this
baseline sets was expanded using data argumentation ([RQ 2]) then the predictive capabilities

of the model increased dramatically, correctly classifying images in more than 90% of cases.
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5.1 Limitations and Future Work

One limitation of the project is that the images that the models were trained on were mostly
gathered from a specific landscape type - wooded mountainous areas (which cover much of
the island). This baseline dataset also tended to lack such features as buildings, vehicles, etc.
The independent test dataset does include such elements, together with more diverse terrain
types such as arable. Despite this, the models still perform well against this more varied
dataset, obtaining around 80% accuracy. Nevertheless, the predictive capabilities of the model
would be expected to improve further if the training dataset was expanded both in size and

land type.

The data augmentation techniques have proven to be very successful, boosting accuracy from
around 70% to over 90%. However, the techniques are applied quite systematically - each one
is administered to each image in the same way. As a consequence, there is some evidence of
overfitting creeping into the results. This could perhaps be improved by adding variance into
the process. For example randomly applying the sharpness process, or varying how rotation

and cropping are applied. This would be expected to improve the generalisation of the model.

The model utilises the RGB channels of the image sets. Visually reviewing the images which
have garbage shows that the garbage features tend to be surprisingly regular, especially in
terms of their light colouring. It might therefore be the case that using pure greyscale images
improves the model as well as significantly reducing training time. This could be explored in

future work.
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Appendix

A Appendix

A.1 Software Versions

The following lists all the software packages used in the project, together with versions.

Software Package Version
Java 11
Weka 3.9.6
Weka deeplearningd4d | 1.7.2
ImageMagick 7.1.1-7
apache 2.0
mysq|l 7.4.3-4
php 7.4

Table 9: Software Versions
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A.2 Data Collection Web App

To aid in data collection a simple web-app was developed that allows the user to record key
features about an image - such as latitude/longitude position, verification status, etc. and store
these in a MySQL database, as well as allowing the image to be uploaded. Whilst not forming

part of the main research strand as such, it did make the data collection easier to manage.

el=lF2 x | [ [R5l (aElslzlsl [Rg] | SRS aRIE] <] o il |clElez/R@EN + v - B
€& > C @ localhost/cg/ < % ®% = 0O e H
- / G. ‘n"n’

- — { =
- — I
- — ' I I e
N List Generate
ew Augment nnE

Figure 6: Web App - Index Page
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Figure 7: Web App - Create New Garbage Record
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Figure 8: Web App - List Garbage Records
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id Lat Long Data Added Confirmed | Size 1\;:; Comments
25-12-2022 Road north out of Zoopigi just before joins up with main Agros
1 |34.87170032.999500 05-_53-_2 1 0 medium road. Edit
o Screenshot_from_2022-11-11_16-10-49.png
31-12-2022 . TBD. .
2 (0000000 10.000000 43,3497 0 medium Screenshot_from_2022-11-13_09-13-19.png Edit
27-12-2022 ) 0ld Zoopigi road just before it joins the bypass. .
3 |34.671680132.999450 1 17 16 45 1 small Screenshot_from_2022-11-13_09-21-13.png Ldit
27.12-2022 r_007 - pn track between zoopigi and agios theodoras, 100m west
4 |34.880440]33.026690 |5 < 1 small of main road. Edit
07:20:20
r_006.png
5 |34.880400]33.026692 07-01-2023 ] small Wooded area south west of Agios Theodoros - r_007 Edit
14:03:11 r_007.png =
27.12-2022 Track right as head north of Zoopigi just beyond Michaelis metal.
6 |34.868680]33.029640 ) 1 vsmall r_008 Edit
10:33:28
1_008.png
07-01-2023 . About 50m West of top of our road
7 |34.858900]33.021200 14:11:17 1 medium ©_009.png Edit
17-11-2022 . Tourist area East of Limassol r_10
8 |34.715800]33.175700 11:26:39 0 medium 1 010.png Edit
17-11-2022 . Paphos forest r_012 .
9 |34.936300)32.782700 11:32:49 0 vsmall 1 012.png Edit
17-11-2022 N r 11 ‘
10 0.000000 |0.000000 11:35:45 0 vsmall 1 011.png Edit
17-11-2022 . r_013 .
111 34.849700 32.990800 11:36:34 0 small 1 012.png Edit




i

Sid INT
* display_label VARCHAR(24)
& ordering INT

& htmi_value VARCHAR(16)

o fk_select INT

|

Vid INT
& display_label VARCHAR{24)
& html_id_name VARCHAR{16)
< default_option INT

& Tk_form_element INT

Lid INT
 type VARCHAR(16)
<o ordering INT
< active INT
<> comment VARCHAR(|48)
< db_field VARCHAR(32)

Indexes

A html_id_name VARCHAR(16)

Vid INT
“» display_label VARCHAR(40)
= type VARCHAR(16)

<
“» default_value VARCHAR(16)

|

& Tk_form_element INT

Indexes

Cid INT

o latitude DECIMAL(S,6)

< longitude DEGIMAL (3,6)
<»is_garbage TINYINT(1)

o confirmed TINYINT(1)

< size VARCHAR(16)

< garbage_image_fiename VARCHAR(256)
. photo_filename VARCHAR|256)
o dimensions INT

reye_alt INT

2 landcover_type VARCHAR(16)
» created_timestamp BIGINT

» created_datetime VARCHAR(24)
“» ip_addr VARCHAR(48)

2 data_source VARCHAR(16)

> comments VARCHAR(256)

“»map_tag VARCHAR(3Z2)

Figure 9: Web App - Database Schema
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“» not_garbage_image_filename VARCHAR(256)




A.3 Data Augmentation Samples

(a) Unaugmented original (b) Sharpened

(c) Horizontally Flipped (d) Vertically Flipped

Figure 10: Sample Augmentated Images
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(a) Rotated 90° (b) Rotated 180°

Figure 11: Sample Augmentated Images (cont)
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A.4 Weka ARFF Samples

The following contains snippets from the Weka "arff” files used as input into the training and

prediction processes.

@relation Rubbish

@attribute filename string
@attribute class {1,0}

@datal

10_r_011.png,1
11_r_013.png,1
12 _r_014.png,1
13_r_015.png,0
14 r_016.png,0
15_r_017.png,0
16_r_018.png,1
17_r_019.png,1

Figure 12: Sample Weka Training ARFF

@relation Rubbish

@attribute filename string
@attribute class {1,0}

@data

"rubbish_70.png",?
"rubbish_71.png",?
"rubbish_72.png",?
"rubbish_73.png",?
"rubbish_74.png",?
"rubbish_75.png",?
"rubbish_76.png",?
"rubbish_77.png",?

Figure 13: Sample Weka Prediction ARFF
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A.5 Weka GUI Samples

The following provides a few screenshots illustrating use of the Weka GUI to input a training

dataset, select a model, configure hyperparameters, and view the results.

Weka Explorer

Preprocess Classify Cluster Associate  Select attributes  Visualize  DI4j Inference
Open file... Open URL... Open DB... Generate... Undo Edit...
Filter
Choose |Mone
Current relation Selected attribute
Relation: None Attributes: None Name: None Weight: None
Instances: None Sum of weights: None  Missing: None Distinct: None
Attributes
- None Inve
8 one Look In: pipeline_1
all
garbage
not_garbage
results
il rubbish.arff

test_rubbish.arff

Remove File Name: rubbish.arff

Status Files of Type: = Arff data files (*.arff)
Welcome to the Weka Explorer

Save...

Apply Stop

Type: None
Unique: None

v M A KRS

Invoke options dialog

Cancel

Figure 14: Weka - upload a dataset
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weka.gui.GenericObjectEditor

| weka.classifiers.functions.DI4jMIpClassifier

| -About
: Classification and regression with multilayer perceptrons using DeeplLearning4). More
Capabilities
log config  Choose LogConfiguration -append
layer specification. 1 weka.dldj.layers Layer
Preview zoo model layer specification in GUI  False ~
number of epochs 10
instance iterator Choose |Imagelnstancelterator -ch
early stopping Choose |EarlyStopping -maxEpochs
network configuration  Choose MeuralNetConfiguration -t
set the iteration listener  Choose EpochListener -eval true -|
zooModel Choose Dl4jResiNet50 -channelsLa
weka.gui.GenericObjectEditor ~
weka.dl4j.iterators.instance.Imagelnstancelterator v
About
;iéini?et::f;g;tfneaf reads images based on the meta-data More 5
directory of images = weka-3-9-6/all |~  Browse... v
size of mini batch 8
Size of p desired width = 224
Model desired height 224
desired number of channels 3
Image channels last False ~ v
Open... Save... OK Cancel v
Open... Save... OK Cancel

Figure 15: Weka - Associate an Image lterator with a dataset
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weka.gui.GenericObjectEditor x

weka.dl4j.NeuralNetConfiguration

About
Class for fine tuning configurations of the network,
optimization algorithm STOCHASTIC_GRADIENT_DESCENT

whether to minimize objective = True

11 regularization factor NaMN
12 regularization factor NaMN
weight initialization method | XAVIER
distribution =~ Choose |Disabled
bias initialization = 0.0
gradient normalization method = None
gradient normalization threshold | 1.0
dropout | Choose Disabled

weightNoise = Choose Disabled

Open... Save... OK Cancel

updater | Choose Adam -betalMeanDecay 0.2 -beta2vVarDe

biasUpdater = Choose |Sgd -Ir 0.001 -IrSchedule "weka.dl4j. sched

TN IRCK T  ATTATINNES T AP

Figure 16: Weka - configure hyperparameters

Time taken to build model: 1141.42 seconds

=== Stratified cross-validation ===
=== Summary ===

Correctly Classified Instances 55 55 %
Incorrectly Classified Instances 45 45 %
Kappa statistic 0.1

Mean absolute error 0.459

Root mean squared error 0.5419

Relative absolute error 91,7911 %

Root relative squared error 108.3857 %

Total Number of Instances 100

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision Recall F-Measure MCC ROC Area

0.500 0.400 0.556 0.500 0.526 0.101 0.576

0.600 0.500 0.545 0.600 0.571 0.101 0.576
Weighted Avg. 0.550 0.450 0.551 0.550 0.549 0.101 0.576

=== Confusion Matrix ===

a b =-- classified as
25 25 |

1
20 30 | 0

oW

Figure 17: Weka - view results
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A.6 Weka Command Line Scripts

The following extract from a command line (bash) script illustrates how a model can be trained

by running the DeepLearningClassifier on a dataset.

# The following gives examples of the most important parameters in the script:

# - use mini-batch size = 8, and 5 fold cross-validation: -bs 8, -x 5

# - use split percentage instead: -split-percentage 20

# - the location of the arff (or csv) file: -t ../rubbish.arff

# - the location of the image files: -imagesLocation ./all

# - desired size of the images: -height 224 -width 224

# - where to stored the resultant model: -d test.model

# For a full list of parameters run it without any parameters set:

# java -Xmx16g -cp weka.jar:wekaDeeplearning4j-1.7.2.jar:lib/* weka.classifiers.functions.Dl4jMLlpClassifier
# Or visit the documentation at:

java -anng -cp ../java/weka.jar:../java/wekaDeeplearning4j-1.7.2.jar: /Java/hh/* weka. classtLers functlons DL4JM1pClasst1er -S 1 -cache-mode MEMORY -early-

stopping "weka.dl4j.earlystopping. Ea\'v%topp ng maVEpochf%Imm<>vement val Pelcentaqe normaL\.zatLon "Standardize training data" -iterator
d terators.instance. Imauelnftautelte\atm -channelsLast fal -height 224 -im sLocation ./all -numChanne 1 h 224 -bs 8" -iteration-listener
tener.EpochListener -eval true -n 5" -layer ' MCXENT \" -nOut 2 act"vat"om

eka.dl4j.layers. wJutputhe\
] act vat ons.ActivationSoftmax \" -name \"Output layer\"" -logConfig "w
g jL<>qLeve' INFO -wekaDl4jLoglLevel INFO" -config "weka.

-lossFn \”‘,A.‘eka.rﬂ-ij .lossfunctions.
LogConfiguration d

-append true -

biasInit 143. upiate\ Sagd -1r

.dl4j.schedules nftaut'i(he\'luie -scheduleType EP \"\" -dis stribution ropout

ah ed \” madkeut Normalization None u\ad\l<>\mTh\e,h<n -11 NaN -1 algor A GRADIENT_DESCENT -updater
-betalMeanDeca 9 hetaz“a\[)eca,/ .999 -e 1 1.0E-8 -1r 0.001 -1rSchedule \\\” weka.dl4j.schedules.ConstantSchedule -scheduleType EPOCH\
weilghtNoise \ a.dl4j.weightnoi -numEpochs 10 -numGPUs 1 -averagingFrequency 10 -prefetchSize 24 -queueSize 0 -zooModel

j.zoo.Dl4jResNet50 -channelsLast false -pretrained " -x 5 -t ../datasets/singly_augmented/baseline/rubbish.arff -d test.model

Figure 18: Sample Weka Training Script

The following extract from a command line (bash) script illustrates how a prediction can be run
on a set of new images.

# This script runs a set of predictions contained in rubbish_pred.arff using the model test.model trained previously
using train_dl4j.sh

# Note that a limitation of the Weka implementation is that the images being predicted against *must* be in the same
# class directory name as the images against which they were trained, in this case "all".

java -Xmx16g -cp ../java/weka.jar:../java/wekaDeeplearning4j-1.7.2.jar:../java/lib/*
weka.classifiers.functions.D14jMlpClassifier -T ./rubbish_pred.arff -1 ./test.model -p @

Figure 19: Sample Weka Prediction Script
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A.7 Weka Prediction Results

The following figure illustrates the prediction results of applying the "best” model (pipeline 3,
trained on 2400 samples with mini-batch size of 32) to a set of twenty new images. The
prediction of garbage (1) or not garbage (0) is given for each images, together with a

confidence of how correct that prediction is, expressed as a percentage.

Figure 20: Weka Prediction Results - pipeline 3 model
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